
Essays in Asset Allocation

Item Type text; Electronic Dissertation

Authors Zhang, Huacheng

Publisher The University of Arizona.

Rights Copyright © is held by the author. Digital access to this material
is made possible by the University Libraries, University of Arizona.
Further transmission, reproduction or presentation (such as
public display or performance) of protected items is prohibited
except with permission of the author.

Download date 16/05/2023 14:26:39

Link to Item http://hdl.handle.net/10150/293404

http://hdl.handle.net/10150/293404


 
 

 

 

ESSAYS IN ASSET ALLOCATION 

 

by  

  Huacheng  Zhang  

____________________________ 

 

Dissertation Submitted to the Faculty of the  

DEPARTMENT OF MANAGEMENT   

In Partial Fulfillment of the Requirements  

For the Degree of  

 

DOCTOR OF PHILOSOPHY  

WITH A MAJOR IN FINANCE 

 

In the Graduate College  

THE UNIVERSITY OF ARIZONA  

 

 

2013 

 

 



  2 
   

 
 

THE UNIVERSITY OF ARIZONA 

GRADUATE COLLEGE 

 

As members of the Dissertation Committee, we certify that we have read the dissertation  

 

prepared by Huacheng  Zhang 

 

entitled  Essays in Asset Allocation 

 

and recommend that it be accepted as fulfilling the dissertation requirement for the  

 

Degree of Doctor of Philosophy               

 
 

_______________________________________________________________________ Date: 4-8-2013 

Scott Cederburg    

 

_______________________________________________________________________ Date: 4-8-2013 

Keisuke Hirano    

    

______________________________________________________________________ Date: 4-8-2013 

Christopher Lamoureux    

 

_______________________________________________________________________ Date: 4-8-2013 

Richard Sias    

    

    

    

 

Final approval and acceptance of this dissertation is contingent upon the candidate’s 

submission of the final copies of the dissertation to the Graduate College.   

 

I hereby certify that I have read this dissertation prepared under my direction and 

recommend that it be accepted as fulfilling the dissertation requirement. 

 

 

________________________________________________ Date: 4-8-2013 

Dissertation Committee Chair:  Christopher Lamoureux    



  3 
   

 
 

STATEMENT BY AUTHOR 

 

This dissertation has been submitted in partial fulfillment of requirements for an 

advanced degree at the University of Arizona and is deposited in the University Library 

to be made available to borrowers under rules of the Library. 

 

Brief quotations from this dissertation are allowable without special permission, provided 

that accurate acknowledgment of source is made.  Requests for permission for extended 

quotation from or reproduction of this manuscript in whole or in part may be granted by 

the head of the major department or the Dean of the Graduate College when in his or her 

judgment the proposed use of the material is in the interests of scholarship.  In all other 

instances, however, permission must be obtained from the author. 

 

                         SIGNED: Huacheng Zhang  



  4 
   

 
 

ACKNOWLEDGEMENTS 

 

First, I am indebted to my advisor, Christopher Lamoureux. This dissertation would not 

have been possible without his encouragement, valuable insights and helpful comments. I 

thank Scott Cederburg for his time and valuable discussions, which further contributed 

my overall growth and development as a researcher. I also thank Keisuke Hirano and 

Richard Sias for their constructive comments for this dissertation. 

 

I further thank all of the other faculty members in the Finance Department at the 

University of Arizona for their helpful comments. I benefit from discussions with many 

of the former and current graduate students at the Finance Department of the University 

of Arizona. I thank Travis Box, DJ Fairhurst, Hayden Kane, Filippo Curti, Matthew 

Serfling, Ping Tan, Shweta Chandrasekaran, Danjue Shang, Charles Favreau and Austin 

Shelton. 

 

I thank my parents, Guihua Tang (唐 桂华) and Xingbi Zhang (张 兴必), for their 

encouragement through my life. Finally, I thank my wife, Ruiqiong Chen (陈 瑞琼), and 

my daughter, Yaou Zhang (张 雅鸥), for their patience, support, and love throughout this 

journey.   

 

 

 

 

 

 

  



  5 
   

 
 

DEDICATION 

In memory of my grandparents 

Xiuquan Chen (陈 秀全) and Changzhong Zhang (张 长忠） 

 

 

 

 

 

 

  



  6 
   

 
 

TABLE OF CONTENTS 

LIST OF FIGURES ............................................................................................................ 8 

LIST OF TABLES .............................................................................................................. 9 

ABSTRACT ...................................................................................................................... 10 

CHAPTER 1. ACTIVE ALLOCATION AMONG LARGE SETS OF STOCKS: HOW 

EFFECTIVE IS THE PARAMETRIC RULE? .................................................... 11 

1. Introduction  .................................................................................................... 11 

2. Methodology and  Data ................................................................................... 15 

2.1 The BSV Rule   ................................................................................... 15  

2.2 Data  .................................................................................................... 17 

2.3 Replication of the BSV Results .......................................................... 19  

3. Portfolio Performance Comparison  ............................................................... 22 

3.1 The BSV Rule versus the MV Rule .................................................... 23 

3.2 The BSV Rule versus the 1/N Rule .................................................... 29 

           4. Model Flexibility  .............................................................................................. 32 

4.1 Alternative Preferences  ...................................................................... 33 

4.2 Different Investment Opportunities .................................................... 34 

5. Robustness Checks............................................................................................ 36 

5.1 Size of Investment Opportunity Set .................................................... 36 

5.2 Alternative Performance Evaluation Models ...................................... 37 

6. Conclusions ........................................................................................................39  

CHAPTER 2. ON THE ECONOMIC SIGNIFICANCE OF STOCK RETURN 

PREDICTABILITY:  EVIDENCE FROM MACROECONOMIC STATE 

VARIABLES ........................................................................................................ 43 

1. Introduction  .................................................................................................... 43 

2. Methodology ................................................................................................... 48 

2.1 The Conditional Portfolio Selection Algorithm   ................................ 48  

2.2 Variable Construction ......................................................................... 51 

2.3 Data and Descriptive Statistics ........................................................... 53  

3. Main Empirical Results .................................................................................. 56 

3.1 Impact of Macroeconomic States on Stock Allocations  .................... 56 

3.2 Economic Significance  ...................................................................... 60 

3.3 Alternative Estimations  ...................................................................... 64 

3.3.1 Rolling Estimation Approach  ............................................. 65 

 



  7 
   

 
 

TABLE OF CONTENTS - Continued 

3.3.2 Alternative Size of Investment Opportunity Set .................. 67 

           4. Properties of the Conditional Portfolios  ........................................................... 69 

4.1 Portfolio Weight Distribution  ............................................................ 70 

4.2 Moments of Portfolio Returns ............................................................ 72 

5. Impacts of Short-Selling Constraint and Transaction Cost ............................... 75 

5.1 Impact of Short-Selling Constraint ......................................................75 

5.2 Impact of Transaction Cost ..................................................................81 

6. Implication for Portfolio Optimization ............................................................. 82 

7. Conclusions ........................................................................................................83  

APPENDIX A. THE SINGLE INDEX – MEAN - VARIANCE PORTFOLIO 

APPROACH ......................................................................................................... 86 

APPENDIX B. THE NON-LINEAR ESTIMATION PROCEDURE ............................. 88 

APPENDIX C. FIGURES .................................................................................................91 

APPENDIX D. TABLES ...................................................................................................99 

REFERENCES ................................................................................................................135 

 

 

 

 

 

 

 

 

 

 

 

 

 



  8 
   

 
 

LIST OF FIGURES 

 

FIGURE 1.1. Time-Serial Distribution of Stock Characteristics ..................................... 91 

FIGURE 2.1. Time Series of Stock Characteristics .......................................................... 92 

FIGURE 2.2. Time Series of Macroeconomic State Variables ........................................ 93 

FIGURE 2.3. Time-Serial Thetas of the Unconditional and Base Conditional Strategies 94 

FIGURE 2.4. Time-Serial Deltas Conditioning on Single Macro Variables .................... 95 

FIGURE 2.5. Time Series of Weighted Characteristics ................................................... 96 

FIGURE 2.6. Time Series of Aggregated Weight on Featured Stocks ............................ 97 

FIGURE 2.7. Time Series of the Unconditional and Conditional Portfolio Returns ....... 98 

 

 

 

 

 

 

 

 

 

 

  



  9 
   

 
 

LIST OF TABLES 

 

TABLE 1.1. Statistical Summaries ................................................................................... 99 

TABLE 1.2. Replication of the BSV Results ................................................................. 100 

TABLE 1.3. Performance Comparison between the BSV and Index-MV Portfolios .... 102 

TABLE 1.4. Performance Comparison across the Business Cycle and Market States .. 104 

TABLE 1.5. Performance Comparison between the BSV and 1/N Portfolios ............... 107 

TABLE 1.6. The BSV Rule for Alternative Utility Functions ....................................... 109 

TABLE 1.7. The BSV Rule with Access to Risk-Free Asset ......................................... 111 

TABLE 1.8. Robustness Check: Alternative Asset Sets................................................. 112 

TABLE 1.9. Robustness Check: Alternative Evaluation Models ................................... 114 

TABLE 1.10. Effectiveness Analysis Comparison......................................................... 115 

TABLE 2.1. Point Coefficient Estimation .......................................................................116 

TABLE 2.2. Portfolio Performance .................................................................................118 

TABLE 2.3. Robustness Check: Rolling Estimation Approach ......................................120 

TABLE 2.4. Robustness Check: Data Screening Criteria ...............................................122 

TABLE 2.5. Portfolio Weight Properties ........................................................................125 

TABLE 2.6. Moments of the Conditional Portfolio Returns ...........................................126 

TABLE 2.7. Impact of Short-Sale Constraint Truncation Approach ..............................127 

TABLE 2.8. Impact of Short-Sale Constraint: Two-Leg Approach ................................129 

TABLE 2.9. Impact of Short-Sale Constraint: Three-Leg Approach ..............................131 

TABLE 2.10. Impact of Transaction Cost on Return Predictability ................................132 

TABLE 2.11. Investment Strategies to Take Advantage of Predictability ......................134 

 

 

 

 

 

 



  10 
   

 
 

ABSTRACT 

This dissertation consists of two essays in asset allocation. In the first essay, I 

measure the value of active money management. I explore this issue by comprehensively 

examining the parametric rule proposed by Brandt, Santa-Clara and Valkanov (2009) (the 

BSV rule) out-of-sample for portfolio selection among 3516 stocks in CRSP and 

comparing this rule to the mean-variance (MV) rule and the naïve 1/N rule recently 

advocated by DeMiguel, Garlappi and Uppal (2009). The BSV rule outperforms both the 

MV and 1/N rules and the outperformance is robust to investment horizons and stock 

market states. The BSV rule is effective for investors with different preferences or 

investment opportunities. The effectiveness of the BSV rule is robust to data screening 

criteria, estimation periods, portfolio performance evaluation models, the business cycle, 

and stock market states. In the second essay, I explore the question of whether 

macroeconomic state variables are able to predict cross-sectional stock returns from the 

perspective of asset allocation. I find that conditioning on macroeconomic state variables 

leads to optimal portfolios with a Carhart alpha that is 125 basis points per month higher 

than unconditional optimal portfolios out-of-sample. Unfortunately, conditioning on 

macroeconomic states is subject to an “overfitting” problem and can lead investors to 

experience unexpected huge losses. My results suggest that macroeconomic state 

variables mare able to predict cross-sectional stock returns but risk-averse investors need 

to combine other funds (e.g. market portfolio) to take advantage of this predictability. 
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CHAPTER 1  

ACTIVE ALLOCATION AMONG LARGE SETS OF STOCKS: HOW 

EFFECTIVE IS THE PARAMETRIC RULE? 

1. Introduction  

Both academicians and practitioners have conducted studies to find an effective 

asset allocation rule, however, the results are disappointing because of the measurement-

error problem in the conventional mean-variance (MV) approach. DeMiguel, Garlappi 

and Uppal (2009) provide evidence that none of the 14 popular MV-based rules 

consistently outperforms the naïve 1/N rule. Brandt, Santa-Clara and Valkanov (2009) 

(BSV) propose a measurement-error-free rule among a large number of assets, which 

directly parameterizes stock weight as a linear function of stock characteristics. Brandt, 

Santa-Clara and Valkanov show that this rule can empirically lead to portfolios with 

higher alpha and Sharpe ratio than the passive value-weighted market portfolios. 

Nevertheless, there exist important concerns about the effectiveness of this rule. First, it 

is unknown whether this rule outperforms the MV or 1/N rule for portfolio choice among 

a large number of stocks. This is interesting especially considering the findings by 

DeMiguel et al. Second, BSV do not show whether this rule is effective for investors with 

different preferences and/or investment opportunity sets. Finally, it is unknown whether 

this rule is effective to alternative data screening criteria, estimation periods or portfolio 

performance evaluation models. The main objective of this study is to explore whether 

this novel asset allocation rule is effective by addressing the above questions. 
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I use the CRSP monthly stock return database from 1964 through 2010 and merge 

it with COMPUSTAT annual database using CRSP_COMPUSTAT merged data (CCM). 

Following Brandt, Santa-Clara and Valkanov (2009), I construct three conventional stock 

characteristic variables of size, book-to-market and momentum, and parameterize the 

optimal portfolio selection by the characteristics. I form the BSV optimal portfolio based 

on a power utility function with a constant relative risk aversion of five. I use the index 

approach proposed by Sharpe (1963) to form an optimal mean-variance portfolio (the 

Index-MV portfolio) among a large sample of stocks.  

First, the BSV portfolios outperform the Index-MV and 1/N portfolios. Over the 

whole out-of-sample period (1974-2010), the BSV portfolio delivers an annualized 

Sharpe ratio of 1.3 and CAPM alpha of 38%. The Index-MV and 1/N portfolios provide 

Sharpe ratios of 0.6 and 0.5, and annualized CAPM alphas of 9% and 2% respectively. 

The annualized Fama-French alpha delivered by portfolios selected using BSV rule is 

24% significantly higher than that of the Index-MV optimal portfolio and 26% higher 

than that of the 1/N portfolio. The annualized Carhart alpha of the BSV optimal portfolio 

is 18% higher than that of the Index-MV portfolio and 21% higher than that of the 1/N 

portfolio. I split the out-of-sample period into two non-overlapping periods and four 

decades and find similar results over each sub-period while the outperformance varies 

across each sub-period. I also find that the BSV rule leads to a portfolio with higher 

Carhart alpha and Sharpe ratio than the MV and 1/N rules during bearish and bullish 

stock markets, and economic expansion and recession periods, respectively. Overall, my 

results suggest that the BSV rule is better than the MV rule or 1/N rule.  
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Second, the performance of the BSV rule is robust to preference functions or 

investment opportunity sets. I examine whether the BSV rule is effective for investors 

with quadratic, log, or exponential preference, and find that all these types of BSV 

investors perform as well as the base BSV investors with CRRA utility function. I use the 

risk-free asset as a proxy for additional investment opportunity.
 1  

When a BSV investor 

has access to riskless assets, she invests 93% of her wealth into risky assets and 7% into 

risk-free assets. More interestingly, she overweights small, value and winner stocks and 

realizes similar anomalies as the investors without accesses to risk-free assets.  

Finally, the performance of the BSV portfolio is robust to estimation periods, 

investment sets, performance evaluation models, stock market states, and the business 

cycle. In in each decade from 1970s to 2000s, the BSV rule leads to portfolios with high 

Sharpe ratios, and positive and significant alphas out-of-sample. The annualized Sharpe 

ratios vary between 0.7 and 2.5, CAPM alphas between 24% and 57%, Fama-French 

alphas between 7% and 44%, and Carhart alphas between 5% and 34%. The BSV 

portfolios perform similarly across alternative investment sets: 0%, 10%, 40% or 60% of 

the smallest qualified stocks (the base case is 20%) excluded. Since there is evidence that 

small stocks are less liquid and have higher illiquidity risk than large stocks (Amihud, 

2002), I also investigate whether the Pastor-Stambaugh liquidity factor can explain the 

anomalies of the BSV portfolio in which small, value and winner stocks are overweighed. 

The annualized alphas after controlling liquidity factor returns are still greater than 5% 

and statistically significant, evidence that the good performance of BSV optimal portfolio 

                                                           
1
 We also use the aggregate real estate, corporate bonds and labor income and various combinations of 

them as proxies for different investment opportunities, respectively, and find similar results.  
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is not explained by illiquidity. Finally, the BSV rule leads to portfolios with high Sharpe 

ratio and positive alphas during bearish and bullish markets, and economic expansion and 

recession periods.  

In addition, I find that the Index-MV portfolio delivers Fama-French and Carhart 

alphas of 1% but the 1/N rule provides -1%. The high Sharpe ratio and significant 

positive Fama-French and Carhart alphas delivered by the Index-MV portfolio suggest 

that this rule is effective for investment among a large number of assets. The significant 

negative Fama-French and Carhart alphas by the 1/N portfolio do not suggest that it is 

effective to deal with a large number of assets. These findings, however, do not 

contradict the findings by DeMiguel, Garlappi and Uppal (2009), Jorion (1986), and 

Michaud (1989) as they focus on small sets of assets. My findings are consistent with 

Duchin and Levy’s (2009) forecast that the MV rule should be able to lead portfolios 

with higher alphas than that from the 1/N rule when the number of assets in the portfolio 

is large enough (more than 30). 

To sum up, I document that the BSV rule is effective for portfolio choice among a 

large number of assets, and better than the MV and 1/N rules. It is also an effective rule 

for investors with different preferences or investors with investments beyond stocks. The 

traditional MV rule is effective for investors with a large set of assets but the 1/N rule is 

not. 

My study is closely related to literature on the efficacy of active asset allocation 

rules. DeMiguel, Garlappi and Uppal (2009) list the main complicate MV rules and 

compare them with the 1/N rule. Based on the findings by DeMiguel et al., Tu and Zhou 
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(2011) propose a rule which averages the 1/N rule and the MV rule. However, these 

studies use small sets of stocks and only focus on extensions of the MV rule. I extend the 

rule comparison to a large number of assets and the novel parametric rule. 

My study also supplements a growing literature highlighting the advantages of the 

parametric asset allocation approach. In addition to the seminal works by Brandt, Santa-

Clara and Valkanov (2009) and Brandt and Santa-Clara (2006), the parametric asset 

allocation strategy has been extended to passive indexation investment (Chavez-Bedoya 

and Birge, 2009), hedge funds (Joenvaara and Kahra, 2009) and commercial real estate 

(Plazzi, Torous and Valkanov, 2011). My study strengthens these empirical applications.  

The rest of this paper proceeds as follows. Section 2 introduces the BSV rule and 

empirical data. I also replicate the main results in Brandt, Santa-Clara and Valkanov 

(2009) before my formal analysis. Section 3 reports the empirical results of portfolio 

performance comparison between the BSV and the MV rule or the 1/N rue. Section 4 

documents the results of the interesting extensions of the BSV rule. Section 5 reports the 

robustness checks of the effectiveness of the BSV rule. Section 6 wraps up the current 

results and discusses future research plans. 

2. Methodology and Data 

2.1 The BSV rule 

The parametric rule proposed by Brandt, Santa-Clara and Valkanov (2009) allows 

a utility-maximizing investor to allocate her capital into each stock according to the 

cross-sectional characters of each stock as: 

    
 

 
∑  (  ∑ ( ̅   

 

  
   ̂  )

  
         )

   
                                               (1.1) 
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where        are the expected utility function and realized return of stock i at time 

t ,  ̅        the realized market share and characteristics vector of stock i, at time t,    the 

corresponding parameter vector, and    the number of stocks at time t.   

With the estimated parameters, the BSV realized optimal portfolio weights 

become  ̅   
 

  
 ̂  ̂   and returns  ∑ ( ̅   

 

  
 ̂  ̂  )

  
          in each month. I evaluate 

the BSV portfolio performance by calculating the alphas and Sharpe ratios of portfolio 

returns, the main performance evaluation measures in literature.
2
  To alleviate the 

“overfitting” concerns and be consistent with the literature (e.g. DeMiguel, Garlappi and 

Uppal, 2009), I focus on the out-of-sample performance. The alphas are the intercepts 

from the CAPM, Fama French three-factor and Carhart four-factor model regressions as 

follows: 

 ̂                                                                                    (1.2) 

 ̂        
                                                                           (1.3) 

 ̂                                                                         

                                                                                   (1.4) 

where  ̂   is the estimated BSV optimal portfolio return in month t,      the 

realized risk-free asset return in month t, and                             the realized 

conventional factor returns proposed by Fama-French and Carhart. 

The Sharpe ratio is defined as: 

                                                           
2
 While utility loss and/or certainty equivalent are used in literature of stock picking rule comparison, (e.g. 

DeMiguel, Garlappi and Uppal, 2009 and Tu and Zhou, 2011), they are not appropriate in this study since 

different utility functions used in this study. The manipulation-proof performance proposed by Goetzmann, 

Ingersoll, Spiegel and Welch (2009), which only works for power utility function, is not applicable either. 
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 ̂        
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅

 ̂ ̂        

                                                                                                     (1.5) 

where  ̂        
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅  is the time-series mean of the portfolio excess returns over risk 

free rate and   ̂ ̂        
is the corresponding standard deviation. 

I describe the algorithms to form the Index-MV and 1/N portfolios in later 

sections separately. 

2.2 Data 

My data period is from 1964 through 2010. I collect each firm’s annual 

accounting data from the COMPUSTAT database and monthly stock returns from the 

CRSP database, and merge them using CRSP-COMPUSTAT linktable file. I clean the 

data, define and form the characteristic variables following similar procedure proposed 

by Brandt, Santa-Clara and Valkanov (2009).
3
 The market capitalization of equity (me) is 

defined as the log of product of stock price and the number of shares outstanding (in 

millions). The book-to-market (B/M) ratio is defined as the log of one plus book value 

divided by market value. The book value equals total assets minus liabilities and 

preferred equity value, plus deferred taxes and investment tax credits. I require the 

accounting numbers lag stock returns at least six months. The momentum (mom) is 

calculated as the compounded return between month t-2 and t-13. After all the 

characteristics are constructed, I then exclude 20% of the smallest stocks. In the last step, 

I normalize all the three characteristic variables.
4
 

                                                           
3
 Brandt, Santa-Clara and Valkanov (2009) provide the details of characteristics variable construction in 

their appendix; we also discuss the details of our data cleaning procedure in the appendix. 
4
 Normalization is necessary for two reasons: time-series stationarity and cross-sectional zero sum of stock 

characteristics. Please see Brandt et al. (2009) for details. 
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On average, there are 3516 stocks in each month in my sample with the fewest 

stocks in February 1964 (903 stocks) and the most stocks in September 1997 (5929 

stocks) (see Table 1.1). The number of stocks increases over time before 1997 and 

decreases after that in general. Figure 1.1 illustrates the evolutions of the stock 

characteristics before normalization. The first column shows the cross-sectional mean of 

each characteristic. The second column is the associated cross-sectional standard 

deviation of characteristics. The magnitude and time-serial distribution of each 

characteristic variable are comparable to that by BSV. Overall, me is volatile; B/M is 

upward in the first 10 years and then downward and mom shows opposite trend pattern of 

B/M.  

Table 1.1 reports the summary statistics of cross-sectional weights and 

characteristics (before normalization). The time series mean of the equal-weighted and 

maximum value-weighted weights are 3.55% and 0.04% separately. The largest 

(smallest) maximum value-weighted weight in the whole sample period is 9% (1.4%). 

The largest (smallest) minimum value-weighted weight in the whole sample period is 

zero. The value- and equal-weighted weights are useful benchmarks to examine whether 

the BSV rule causes extreme holdings. The time series means of the cross-sectional 

average of me, B/M and mom are 5.15, 0.54, and 0.15 separately. The largest (smallest) 

cross-sectional average of me, B/M and mom are 7.08 (3.48), 0.99 (0.38) and 1.03(-0.48). 

The results are similar to that of BSV. 

The factor returns for investment performance evaluation models are defined by 

Fama and French (1992, 1993, and 1996), labeled as MKT, SMB, HML and MOM and 
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from the Kenneth French’s online data library.
5
 The one-month T-bill rate (proxy for 

risk-free assets return) is also from Kenneth French’s website. 

2.3. Replication of the BSV results. 

Before I explore the effectiveness of the BSV rule, I replicate the main results 

documented by Brandt, Santa-Clara and Valkanov: (1) the BSV investors tilt to small, 

value and winner stocks; (2) the BSV investors earn high alphas, Sharpe ratios, and 

certainty equivalent returns; (3) the performance of BSV portfolios is not driven by large 

amount of extreme trading or extreme bets on individual stocks. The replicated results are 

reported in Table 1.2. 

Panel A of Table 1.2 is the parameter estimates with the associated asymptotic 

standard deviations in-sample and out-of-sample. The in-sample coefficients are 

estimated over the whole sample data and the asymptotic standard deviations are obtained 

following the procedure proposed by Hansen (1982). The out-of-sample estimation 

procedure is the follows. The parameters obtained from first 10 years (1964-1973) are 

used as estimates of year 1974 and the data are updated by adding subsequent 12 months 

observations for estimates of subsequent year and so forth. The reported estimates and 

standard deviation (in parenthesis) are the time series mean and standard deviation of the 

out-of-sample estimates from 1974 through 2010. 

The coefficient on the market cap of equity in-sample is -1.7 and statistically 

significant at the 95% confidence level and the coefficient in Brandt, Santa-Clara and 

Valkanov (2009) is -1.5 and significant at the 99% confidence level. The coefficient on 

                                                           
5
 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html. We thank Kenneth French for 

making this data available 

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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the market cap of equity out-of-sample is -1.9 and significant at the 99% confidence level 

but that by Brandt, Santa-Clara and Valkanov is -1.1 and not statistically significant. The 

coefficient on the book-to-market ratio is 4.8 in-sample and 6.7 out-of-sample and both 

are significant at the 99% confidence level, and this coefficient in Brandt, Santa-Clara 

and Valkanov (2009) is 3.6 both in- and out-of-sample and significant. The coefficient on 

the momentum variable is 2.1 in-sample and 3.0 out-of-sample and significant, and the 

number in Brandt, Santa-Clara and Valkanov (2009) is 1.8 in-sample and 3.1 out-of-

sample and significant. Overall, the coefficients in panel A are consistent with that in 

Brandt, Santa-Clara and Valkanov (2009) and suggest that parametric investors 

overweight small, value and winner stocks.     

Panel B of Table 1.2 reports the performance of the BSV portfolios in-sample 

(over the whole sample period) and out-of-sample (1974-2010). The in-sample CAPM 

and Fama-French alphas are 31% and 18%, respectively, greater than the numbers in 

Brandt, Santa-Clara and Valkanov (2009), which are 17.4% and 9% respectively. 

Consistently, the in-sample Sharpe ratio is 1.29 in Panel B and 0.96 in Brandt, Santa-

Clara and Valkanov (2009). The out-of-sample CAPM alpha is 38%, also greater than 

that in Brandt, Santa-Clara and Valkanov (2009), which is 18%. The out-of-sample 

Sharpe ratio is 1.55, greater than that of Brandt, Santa-Clara and Valkanov. In 

conclusion, I find that the BSV investors earn high alphas and Sharpe ratios, consistent 

with Brandt, Santa-Clara and Valkanov (2009) and my results are stronger. 

Panel C illustrates the time series weight distributions of the BSV optimal 

portfolio in-sample and out-of-sample. The in-sample weights are computed by plugging 
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the in-sample estimated parameters in the optimal weight equation over the whole period. 

The out-of-sample weights are obtained by plugging the out-of-sample estimated 

parameters in the optimal weight term each year over the period of 1974- 2010. The time 

series mean of the maximum weight is 4% in-sample and 2.6% out-of sample while 

Brandt, Santa-Clara and Valkanov obtain 3.5% and 4.4%, respectively. The time series 

mean of minimum weight is -0.30% in-sample and -0.44% out-of-sample, and the 

counterparts are -0.22% and -0.39% by Brandt, Santa-Clara and Valkanov. These time 

series weight distributions indicate that the BSV rule does not lead to unreasonably 

extreme bets on individual stocks with my sample. The time series average fraction of 

short-sold stocks in each month is 51% in-sample and 48% out-of-sample while both are 

47% in Brandt, Santa-Clara and Valkanov (2009). The time series mean of the 

aggregated cross-sectional short-selling positions is 100% in-sample and -250% out-of-

sample in my study, and 128% and 145% in Brandt, Santa-Clara and Valkanov (2009). 

The time series mean of turnovers is 30% in-sample and 99% out-of-sample in my study 

and 99% and 134% in Brandt et al. paper, respectively. These findings suggest that the 

BSV rule does not lead to extremely high short-selling trading or large amount of trading, 

consistent with Brandt, Santa-Clara and Valkanov (2009). 

Panel D illustrates the sources of the high Carhart alpha delivered by the out-of-

sample portfolio. The portfolio is decomposed into three components based on the 

composition of the optimal weight  ̅   
 

  
 ̂  ̂  : market, long and short leg. The first 

row shows the decomposition of mean of portfolio return. The first row shows that the 

biggest contributor of optimal portfolio return is the long leg, consistent with findings by 
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Brandt, Santa-Clara and Valkanov (2009). The second row also shows that long leg is the 

only major contributor of Carhart alpha. The third row shows the Carhart alphas 

delivered by the long and short legs for 100% investment in each leg. Consistent with the 

second row, the long-leg delivers positive alpha. Short-leg, on the opposite, delivers 

negative alpha. These findings show that BSV rule leads to both buying “good” stocks 

and “selling” bad stocks. The scale, the time series mean of aggregated long or short 

position in each month, suggests that the high Carhart alpha is driven by high leverage. 

3. Portfolio performance comparison 

In this section, I turn to investigate the effectiveness of the BSV rule empirically. 

I first compare the performance of portfolios by the BSV rule and the MV or 1/N rule. 

This comparison is interesting and necessary. First, the BSV rule is fundamentally 

different from the conventional MV rule and its extensions. If it outperforms the MV rule 

consistently, then the BSV rule may escort the investors out the measurement-error 

affliction. Second, the superior performance of the BSV portfolios does not directly 

support that the BSV rule is better than the 1/N and MV rules for portfolio choice among 

a large set of assets. This concern is important since none of the main complicate MV 

rules consistently outperform the 1/N rule among small sets of assets (see, e.g. DeMiguel, 

Garlappi and Valkanov 2009) while theoretically they are superior. Furthermore, if the 

BSV rule does not outperform the 1/N rule, there is no reason for investors to make a 

good effort in this rule. Since there are fundamental differences among the three rules and 

my focus is the BSV rule, I compare the BSV rule to the MV and 1/N rules separately. I 

compare their portfolio performances over the whole out-of-sample period and check 



  23 
   

 
 

whether the comparisons are robust to sub-sample periods, business cycles, and stock 

market states.  

3.1   The BSV rule versus the MV rule 

The well-known measurement-error problem in the moment estimations of stock 

return distributions makes direct calculations of mean-variance optimal weights 

problematic. To improve this problem, three approaches have been proposed in literature: 

shrinkage estimation, factor model and portfolio constraints.
6
 In this study, the stock 

weight in the Index-MV portfolio is computed by the Sharpe (1963) single-index model 

with non-negative weight constraints.
7
 This approach calculates the covariance matrix of 

stock returns by applying the CAPM regression on each stock’s historical returns. The 

variance of a given stock is the sum of its CAPM residual variance and the product of the 

market return variance and the stock’s squared beta. The covariance of any pair of two 

stocks is the product of the corresponding two betas multiplied by the market return 

variance. I apply and modify the close form solution for the optimal stock weights of 

index model approach proposed by Elton, Gruber and Padberg (1976) (see the appendix 

for details). Since the MV rule is sensitive to inputs (see e.g. Black and Litterman, 1992) 

and Jagannathan and Ma (2003) show that short-selling constraints can improve a MV 

portfolio performance, I thus compare the performance of the BSV portfolio without 

short-sale constraint to the performance of the Index-MV portfolio with short-selling 

                                                           
6
 Brandt (2010) provides a comprehensive survey. 

7
 Frankfurter, Philips and Seagle (1976) and Chan, Karceski and Lakonishok (1999) document that index 

models alleviate the measurement-error concerns in mean-variance framework.
 
Cohen and Pogue (1967), 

Elton and Gruber (1971) document that single-index model does better than multiple-index models to 

describe the correlation structure of stock returns. 
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constraint.
8
 Since the BSV rule is free of the measurement-error problem (see Brandt, 

Santa-Clara and Valkanov, 2009), this comparison is in the sense to compare the best 

performances of portfolios formed using these two rules.
9
 I report the CAPM, Fama-

French and Carhart alphas and the associated standard deviations, and the Sharpe ratio of 

each portfolio. I also report the difference in alphas between the BSV portfolio and the 

Index-MV portfolio and the associated t-statistics. To alleviate the in-sample data mining 

concern and to be consistent with previous studies (e.g. DeMiguel, Garlappi and Uppal, 

2009), I focus on the out-of-sample portfolio performance. 

Table 1.3 illustrates the out-of-sample performance of portfolios selected using 

the BSV and MV rules and difference in the performances. Panel A provides the main 

and basic results over the whole out-of-sample period. The magnitudes of the BSV 

portfolio performance measures are the same as shown in Table 1.2, suggesting that the 

BSV rule is effective. The annualized CAPM, Fama-French and Carhart alphas of the 

MV optimal portfolio returns over 1974-2010 are 9%, 1% and 1%, and statistically 

significant at 99% confidence level. The Sharpe ratio is 0.6 over the same period. The 

positive alphas and high Sharpe ratio suggest that the MV rule is effective.
10

 This is 

seemingly not consistent with previous studies which use small samples of assets and 

document that the error-in-variable problem causes the Index-MV portfolios to be 

unattractive (Michaud, 1989; and DeMiguel, Garlappi and Uppal, 2009). However, this 

                                                           
8
 In an unreported table, both Fama-French and Carhart alphas are around -0.05 when short-selling is 

allowed and 0.01 when short-selling is not allowed, all alphas are statistically significant at 95% confidence 

level. In other words, short-sale constraints improve the single-index MV portfolio performance. 
9
 Brandt, Santa-Clara and Valkanov (2009) show that short-sale constraints do not improve but hurt the 

BSV portfolio performance. 
10

 This will be further confirmed by comparing portfolio performance between the MV rule and the 1/N 

rule in next sub-section. 



  25 
   

 
 

finding is consistent with the prediction by Duchin and Levy (2009) that the MV rule 

should be better than the 1/N rule for portfolio choice among a large set of assets. This 

finding is also consistent with Frankfurter, Philips and Seagle (1976) and Chan, Karceski 

and Lakonishok (1999) who document that the index-model approach improves the error-

in-variable problem. 

The more interesting finding is that the BSV rule outperforms the MV rule, i.e. 

the BSV portfolio delivers higher Sharpe ratio and alphas. Panel A shows that the 

differences in the CAPM, Fama and French and Carhart alphas between the BSV and 

Index-MV portfolios are 6%,5% and 4% and statistically significant at 99% confidence 

level. The Sharpe ratio of the BSV portfolio is almost twice that of the Index-MV 

portfolio. These findings also suggest that the index-model may not be completely 

measurement-error free. 

Although the BSV rule leads investors to overweight small, value and winner 

stocks and leads to portfolios with positive alpha and high Sharpe ratio, the investment 

performances are evaluated over the 37 years of the whole out-of-sample periods. It is 

possible that some investors may make their investment decisions based on shorter 

historical stock information window and others prefer to evaluate their investment 

performance over short investment horizon. To address the first concern, I apply the 

rolling estimation approach, in which the investors make their asset allocation decision 

based on the stock information over very last 15 years. The results will be presented in a 

later section as a robustness check. To address second concern, I split the whole out-of-

sample period of 37 years into two non-overlapping periods and five decades, examine 
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the effectiveness of the BSV rule over each sub-period, and report the results in panel B 

and C in Table 1.3. 

Panels B and C of Table 1.3 show that both the BSV and the MV rules are 

effective in each sub-sample-period. The BSV portfolios deliver highest alpha over the 

1980s, during which the CAPM, Fama-French and Carhart alphas are 21%, 12% and 

10%, respectively. The alphas are lowest over 2000s but still as high as 9%, 3% and 2%. 

The Sharpe ratios in all sub-periods are almost the same as the whole sample period 

except in 1990s in which it is still as high as 0.8. The alphas and Sharpe ratio of the MV 

rule in each sub period (except in 1990s) are almost the same as that of the whole sample 

period.
 11

  More interestingly, Panels B and C also show that the BVS rule is better than 

the MV rule across all sub-sample periods. In panel B, the BSV rule leads to portfolios 

with CAPM, Fama-French and Carhart alphas of 9%, 6% and 5% over the first half 

sample period, higher than that from the MV rule. The differences in the alphas are 

statistically significant. The differences in the alphas over the second half sample period 

are 6%, 3% and 2% and also statistically significant. In panel C, the BSV portfolios 

provide significant higher alphas across all the asset pricing regressions than the Index-

MV portfolios every decade from 1070s through 2000s. The BSV portfolios provide 

higher Sharpe ratio than the Index-MV portfolio consistently over all sub-periods. 

While I evaluate the BSV portfolio performance without regarding the business 

cycle or stock market condition, Fama (1990), Hamilton and Lin (1996), Zhang (2005) 

document that the business cycle impacts stock market performance. There is also 

                                                           
11

 The greater Carhart alpha than the Fama-French alpha is due to the negative coefficient (-0.095) on 

momentum in Carhart 4-factor regression during these periods. 
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evidence that the premiums of size, value and momentum are related to business cycle 

(e.g. Fama and French, 1989; Chordia and Shivakumar, 2002; Griffin, Ji and Martin, 

2003; and Liu and Zhang, 2008) and stock market states (Cooper, Gutierrez and Hameed, 

2004).  It is interesting to investigate whether the BSV portfolio performs differently and 

whether it outperforms the Index-MV portfolio across the business cycle or stock market 

states.  

I use the definitions of the economic recession and expansion months by the 

National Bureau of Economic Research (NBER).
12

 There are 76 recession months and 

367 expansion months over my out-of-sample period from 1974 through 2010. I follow 

the same out-of-sample estimation procedure described above. This procedure, however, 

could bias my results since the parameters in expansion and recession periods should be 

estimated over the associated periods separately, which is impossible because of the lack 

of enough observations in recession periods. I compute the alphas and Sharpe ratios for 

recession and expansion periods, respectively. The performance of the BSV and the 

Index-MV portfolios and the difference in them across the business cycle are illustrated 

in Panels A&B in Table 1.4.    

Panels A&B shows that the MV rule is effective across business conditions. It 

leads to portfolios with the annualized CAPM, Fama-French and Carhart alphas of 12%, 

3% and 3% over economic recession periods and 9%, 1% and 1% over expansion 

periods. These facts suggest that the MV rule is effective and robust to the business cycle. 

However, the Sharpe ratio is as low as 0.03 in the former but 0.8 in the latter, suggesting 

                                                           
12

 http://www.nber.org/cycles.html.  

http://www.nber.org/cycles.html
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that the business cycle impacts the performance of the Index-MV portfolios. More 

interestingly, Panels A&B shows that the BSV portfolios provide higher alphas and 

Sharpe ratio than the Index-MV portfolios over economic expansion and recession 

periods. The CAPM, Fama-French and Carhart alphas of the BSV portfolios are 44%, 

27% and 20%, which are 25%, 26% and 19% higher than that of the Index-MV portfolios 

over expansion periods. The Sharpe ratio of the BSV portfolios is 1.5, 0.7 higher than 

that of the Index-MV portfolios during the same periods. The BSV portfolios also 

provide higher alphas and Sharpe ratio than the Index-MV portfolios over economic 

recession periods although the differences become smaller than that over expansion 

periods.  

Panels C&D of Table 1.4 illustrate the results of the performance comparison 

between the BSV portfolios and the Index-MV portfolios across the bullish and bearish 

stock markets. The bearish (bullish) markets are defined as the periods when the market 

index returns are among the top (bottom) 30% of the whole sample periods. As a result, I 

equally have 139 months for the bearish and bullish markets.  

The MV rule is effective over the periods of both bullish and bearish markets. It 

leads to portfolios with positive and significant CAPM, Fama-French and Carhart alphas 

(15%, 2% and 2% over the bullish market periods and 6%, 0% and 2% over the bearish 

markets).
13

 The portfolios deliver a Sharpe ratio of 1.6 over the former periods and 0.2 

over the latter periods. However, compared with the BSV rule, the Fama-French and 

Carhart alphas delivered by the Index-MV portfolios are significantly lower, evidence 

                                                           
13

  The higher Carhart alpha than the Fama-French alpha is due to the negative coefficient (-0.0769) on 

momentum over these periods. 
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that the BSV rule is superior to the MV rule. The differences in annualized Fama-French 

and Carhart alphas between the BSV portfolios and the Index-MV portfolios are 29% and 

27% over the bearish market periods, and 37% and 16% in both over the bullish market 

periods.
14

 The Sharpe ratio of the BSV rule is six times as large as that of the MV rule in 

the former periods and 0.3 in the later.  

To summarize, the BSV rule is better than the MV rule in all sample periods. The 

MV rule is effective for decisions on large sets of assets. This effectiveness is robust to 

sample periods, business cycle and stock market states.   

3.2 The BSV rule versus the 1/N rule 

 Table 1.5 reports the out-of-sample performance comparisons between the BSV 

portfolios and the 1/N naïve portfolios. The weight of each stock in the 1/N portfolio in 

month t+1 is equal to one over the total number of stocks in month t.
15

 Panel A shows the 

results over the whole sample period; Panels B and C report the results in each sub-

period.  

 Panel A of Table 1.5 shows that the 1/N portfolios provide a positive and 

significant CAPM alpha of 2% over the whole sample period, which is smaller than that 

of the Index-MV portfolios. Furthermore, this positive anomaly disappears when the 

portfolio is evaluated by the Fama-French and Carhart models, which alphas are about -

1% and statistically significant, evidence that the 1/N rule is not reliable. However, this 

finding does not contradict the findings by DeMiguel, Garlappi and Uppal (2009) and 

                                                           
14

 The small and insignificant difference in CAPM alpha during the bullish markets should not hurt our 

conclusions since Fama-French and Carhart alphas have more explanatory power for portfolio returns. 
15

 If a stock is newly listed in month t+1, then its weight is set to be zero. 
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others that the 1/N rule is as effective as the MV rule because of different asset sizes used 

in this study and in the study by DeMiguel, Garlappi and Uppal. The largest sample in 

DeMiguel, Garlappi and Uppal (2009) is 24, which is less than 1% of the number of 

assets in this study. One possible reason for the negative Fama-French and Carhart alphas 

is that 1/N investors overweigh too much in small stocks and gain size premium, which 

disappears after the size factor is controlled. This is the possible reason why the 

momentum factor in the Carhart model does not have extra explanatory power. More 

interestingly, the BSV portfolios provide higher Sharpe ratio and higher positive and 

significant alphas than the 1/N portfolio.  The Sharpe ratio of the BSV portfolio is almost 

three times as large as that of the 1/N portfolio. The alphas delivered by the BSV 

portfolio higher than that of the 1/N portfolio by at least 20% across all performance 

models.  

Panel B shows that the 1/N rule leads to portfolios with negative Fama-French 

and Carhart alphas in both the first and second half sample periods and that the BSV rule 

is better than the 1/N rule in both half periods. The similar results hold when Sharpe ratio 

is used as a performance measure. Panel C shows the performance of the 1/N portfolios 

varies across decades. The Fama-French and Carhart alphas are about 1% in 1970s, and 

3% and 1% in 2000s, implying that the negative alphas over the whole sample period are 

mainly driven by the 1980s and 1990s. Nevertheless, these findings support that the 1/N 

rule is not effective and reliable. This is pronounced when comparing the 1/N portfolios 

with the BSV portfolios. In each decade, the differences in Fama-French and Carhart 

alphas between the BSV portfolios and the 1/N portfolios are positive and statistically 



  31 
   

 
 

significant except in the decade of 2000s. The Sharpe ratios provided by the BSV rule in 

each decade are consistently greater than that by the 1/N rule. Moreover the MV rule (see 

Table 1.3) is better than the 1/N rule in most case except in 2000s. The Fama-French and 

Carhart alphas and Sharpe ratio of the Index-MV portfolios are higher than that of the 

1/N portfolios. 

I also explore whether the BSV rule is better than the 1/N rule consistently across 

the business cycle and stock market states. The last few rows in Panels A&B in Table 1.4 

illustrate the 1/N portfolio performance across the business cycle. The 1/N rule does not 

perform well over the economic expansion periods but relatively better than that during 

the recession periods. Its Sharpe ratios are 0.6 and 0.1 respectively. The CAPM alpha is 

2% over the expansion periods and 9% over the recession periods. The Fama-French and 

Carhart alphas, however, are negative and significant over the recession periods while 

they are positive and significant in the economic recession periods. More interestingly, 

Table 1.4 shows that the BSV rule is better than the 1/N rule over the expansion and 

recession periods. The annualized CAPM, Fama-French and Carhart alphas delivered by 

the BSV portfolios are about 7%, 8% and 5% higher than that by the 1/N rule over the 

recession periods. The Sharpe ratio of the BSV portfolio returns is four times as large as 

that of the 1/N portfolio returns. Similarly, the MV rule also performs better than the 1/N 

rule when the economy is in recession. In the economic expansion periods, the BSV rule 

outperforms the 1/N rule as well. The BSV portfolios deliver higher Sharpe ratio and 

CAPM, Fama-French and Carhart alphas than the 1/N portfolios and the differences are 

larger than over the recession periods.  
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The last few rows in Panels C&D of Table 1.4 report the 1/N portfolio 

performance during the bearish and bullish markets. The CAPM, Fama-French and 

Carhart alphas delivered by the 1/N portfolios are negative and significant during the 

bearish market periods and the associated Sharpe ratio is negative either. The differences 

in the CAPM, Fama-French and Carhart alphas between the BSV portfolios and the 1/N 

portfolios are as large as 47%, 43% and 21%, respectively. The 1/N portfolio performs 

slightly better but still bad over the bullish market periods than during the bearish market 

periods. The BSV rule is also better than the 1/N rule over the bullish periods. 

In sum, portfolios formed using the BSV rule outperforms that using the 1/N rule. 

This outperformance is robust to market states and the business cycle. The BSV 

portfolios deliver higher alphas and Sharpe ratios than the 1/N portfolios.  

4. Model flexibility 

In section 3, the BSV rule can help a representative investor of CRRA utility 

maximizer with risk aversion level of five not only to earn positive abnormal returns but 

also do better than the MV or 1/N investors in general.  While power utility function is a 

common utility function in literature, there are other utility functions that are commonly 

examined in literature, especially the quadratic utility function.
16

 In this section, I 

examine whether the BSV rule is still useful for investors with alternative risk 

preferences or investment opportunities. In sub-section 4.1, I examine whether the BSV 

rule is effective for investors with different preferences. In sub-section 4.2, I introduce 

different investment opportunities into the BSV rule. 

                                                           
16

 Brandt (2010) has a brief discussion about various preferences in portfolio analysis.  
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4.1 Alternative preferences 

In this section, I examine whether the BSV rule is effective for investors with 

quadratic, log, or exponential utility function.
17

 They are defined as the following: 

Quadratic utility: (    )  
 

 
      

  

Log utility:            

Exponential utility:                

All investors allocate their capital following the BSV rule. The risk aversion level 

(gamma) is set to be five for the quadratic and exponential utilities. The out-of-sample 

estimated parameters, portfolio weight distribution, and portfolio performance of each 

type of investors are presented in Table 1.6 and compared with the base case: the power 

utility. The parameter estimation procedure, weight calculation and portfolio performance 

evaluation are the same as that of the BSV rule for power utility function. Panel A in 

Table 1.6 shows that the coefficients on the market capitalization of equity across utilities 

are negative and statistically significant, the coefficients on book-to-market ratio and 

momentum across utilities are positive and significant, indicating that all investors, 

regardless their utility preferences, overweigh small, value and winner stocks, which is 

consistent with the prediction of the base BSV rule. Log utility investors overweight 

those featured stocks most and quadratic utility investors overweight least.  However, the 

conclusions need to be reached with cautions since the impacts of      on portfolio 

choice are not equivalent across utility functions and log utility is a special case of power 

                                                           
17

 The Epstein-Zin preference, which is widely used in asset pricing literature, is not used in this study since 

it is recursive and impossible to be solved unconditionally. 



  34 
   

 
 

utility of      .  The comparison here is useful to confirm whether the BSV rule leads to 

similar asset allocations but not useful to judge the relative effectiveness of different 

utilities. Panel B in Table 1.6 reports the portfolio weight distribution of each utility. The 

BSV rule does not lead any type of investors to put extreme bets on individual stocks or 

take extreme short positions. Relatively, the log utility investors have higher average 

absolute weights, short-selling position, and turnover. Panel C of Table 1.6 illustrates 

portfolio performances across utilities. Consistent with that of the base CRRA preference, 

the BSV rule leads to portfolios with positive and significant alphas and high Sharpe 

ratios across all utility functions. The exponential portfolios deliver a Sharpe ratio of 1.3 

and a Carhart alpha of 20%, similar to the power portfolios. The log portfolios provide a 

Sharpe ratio of 1.1 and a Carhart alpha of 87%. In conclusion, the BSV rule is effective 

for investors with quadratic, log, or exponential utility function. 

4.2. Different investment opportunities 

The representative investors, so far, allocate all their capital among the same type 

of assets: stocks. However, in practice and financial research literature (including 

portfolio performance evaluation), investors are allowed to access different types of 

investment opportunities. For example, some investors may have investments in bonds, 

real estates, or have large amount of labor income.  It is important to explore whether the 

BSV investors with different investment opportunities behave differently. In this study, I 

report the results of the BSV investors with access to riskless asset.
18

 Given that the risk-

                                                           
18

 I also use labor income, corporate bonds, real estate investment and various combinations of them as 

proxies for alternative investment opportunities, respectively. The results from each proxy are similar, i.e. 

investors still tilt to small, value and momentum stocks.  
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free asset is thought to be riskless, investing in such asset may induce investors allocate 

more aggressively into risky assets for a given level of total risk. If this is the case, we 

may expect a BSV investor further overweighs in small, value and winner stocks to 

obtain higher returns (this is consistent with Brandt, Santa-Clara and Valkanov (2009) 

since they report that the more risk-averse the investor is, the less she will invest in small 

and momentum stocks). However, this does not mean that they earn higher alpha and 

Sharpe ratio. If investors do not earn higher Sharpe ratio, they may not tilt to riskier 

stocks. In this sub-section, I examine how the access to risk-free assets may impact the 

effectiveness of the BSV rule. I use monthly treasure bill as a proxy for the risk-free 

asset. The risk-free asset enters a representative investor’s utility function in the 

following way: 

       
 

   
(   ∑ ( ̅   

 

  
   ̂  )       

  
              )

   

  

 where   is the fraction the investor allocates her capital in the risky assets and 

      is the return of the riskless asset in month t+1.  

The BSV investor now needs to estimate both   and   to maximize her utility. 

The estimated parameters are reported in panel A of Table 1.7. The estimation   in Panel 

A of Table 1.7 is 85 %( 93%) in-sample (out-of-sample), implying that the BSV investors 

with access to riskless asset invest 15 %( 7%) of his wealth into the risk-free asset. The 

more interesting finding is that the coefficients on stock characteristics have the same 

signs as that without riskless assets (see Panel A in Table 1.2). The higher magnitude of 

coefficients indicates that the access to the risk-free asset makes investors overweigh 
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more in small, value and winner stocks than that without access to the risk-free asset. 

This suggests that the BSV investors think that their tilt to featured stocks is not risk-free 

and may partially explain why an average investor still holds the market equilibrium 

portfolio. Panel B of Table 1.7 illustrates the out-of-sample performance of the BSV 

portfolios including risk-free asset. The annualized CAPM, Fama-French and Carhart 

alphas, and Sharpe ratio are 38%, 24%, 20% and 1.3, similar to that of the base case 

without access to riskless assets (see Table 1.2). The results support that the BSV asset 

allocation rule is still effective for investors with different investment opportunities.  

5. Robustness checks 

In previous sections, I provided evidence that the BSV rule is robust to short 

period portfolio evaluation, business cycle and stock market states. In this section, I 

examine whether the performance of the BSV portfolio is robust to the size of investment 

opportunity set, performance evaluation model and estimation period. 

5.1 Size of investable opportunity set 

The investment opportunity set used so far is that 20% of the smallest qualified 

stocks are excluded from the merged CRSP and COMPUSTAT database. In this sub-

section, I examine whether the BSV portfolio performance is robust to the number of 

stocks. I construct four alternative stock sets from four different exclusion cutoffs of the 

smallest qualified stocks: 0%, 10%, 40%, and 60%. The associated out-of-sample 

parameter estimates, optimal weights and performance measures are illustrated in Table 

1.8. Panel A of Table 1.8 reports the out-of-sample parameters. Panel A shows that the 

magnitudes and statistical significances of coefficients on stock characteristics do not 
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change dramatically across datasets. Take the coefficient on momentum as an example. 

The magnitude is 2.9 for the sample with the cutoff of 60%, 3.1 with the cutoff of 40% 

and 2.8 without exclusion. The coefficient is statistically significant at 99% confidence 

level in all cases. Panel B of Table 1.8 shows the weight distributions for each dataset. 

The time series means of the maximum and minimum weights, short-selling positions, 

turnover, and cross-sectional average of absolute stock weights are similar across data 

screening rules. Take the cross-sectional average absolute weight as an example, the time 

series mean of the average absolute stock weight is 0.27% for samples with the cutoff of 

60%, 0.18% with the cutoff of 40%, and 0.14% with the cutoff of 10%. Panel C of Table 

1.8 is the portfolio performance across data excluding cutoffs. The Sharpe ratios for 

dataset with cutoffs of 60%, 10% and 0% are 1.0, 1.3 and 1.5, respectively, increasing as 

the cutoff decreases. The alphas, regardless of the estimation models, are positive and 

significant at 99% confidence level. The magnitude of alphas also increases as cutoff 

decreases. The opposite movements between the portfolio performance and data 

exclusion cutoff are consistent with the BSV rule since the fewer small stocks are 

excluded, the stronger the effect of size.  

5.2. Alternative performance evaluation models 

Amihud (2002) argues that the small stocks are less liquid and have higher 

illiquidity risk than large stocks. Pastor and Stambaugh (2003) document that liquidity is 

another risk factor in addition to the three traditional factors to explain the cross-sectional 

stock return variation. Consistently, sub-section 5.1 shows that the more small-stocks in 

the portfolio, the higher alphas and Sharpe ratios delivered by the portfolio. In this sub-
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section, I investigate whether the outperformance of the BSV portfolios can be explained 

by liquidity factor in addition to conventional risk factors of size, book-to-market and 

momentum. The liquidity risk factor is defined by Pastor and Stambaugh (2003), which is 

a measure of the market-wide aggregate liquidity.
19

 The liquidity risk factor returns are 

from Lubos Pastor’s website.
20

 I examine the BSV portfolio performance through the 

following two alternative four- and five-factor models: 

                                                                       (1.6) 

                                                                 

(1.7) 

I report the alphas and adjusted R
2
 over the whole sample and sub-periods in 

Table 1.9. The alphas over the whole sample period are 25% (model 6) and 20% (model 

7) and statistically significant at 99% confidence level. The results are not significantly 

different from Table 1.3, implying that the liquidity factor premium is not the sources of 

the BSV portfolio performance. This conclusion holds in each sub-period in Table 1.9. 

In addition to these robustness checks, I also investigate whether the BSV rule 

leads to overweight small, value and winner stocks when the asset allocation decisions 

are based on short periods of historical information of stock characteristics. I split the 

whole sample period into two non-overlapping periods and 5 decades from 1960s to 

2000s and estimate the BSV parameters over each sub-period. In an unreported table, I 

find that, while some coefficients are not significant at 90% level, coefficients on size are 

                                                           
19

 See Pastor and Stambaugh (2003) for detailed discussion of this measure. 
20

 http://faculty.chicagobooth.edu/lubos.pastor/research/liq_data_1962_2010.txt. We thank Lubos Pastor 

for making this dataset available. 

http://faculty.chicagobooth.edu/lubos.pastor/research/liq_data_1962_2010.txt
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negative and coefficients on book-to-market and momentum are positive and all 

coefficients in each period are jointly significant at 99% (except in the last decade, which 

is jointly significant at 90%). This supports that BSV rule is robust to estimation period.   

To sum up, the BSV investors overweigh small, value and past winner stocks, and 

earn high Sharpe ratios and positive abnormal returns. The performance of this rule is 

robust to the size of investable stocks, estimation period, portfolio performance 

evaluation model, business cycle and stock market state. 

6. Conclusions 

DeMiguel, Garlappi and Uppal (2009) provide evidence that none of the 14 

complicated MV rules are consistently better than the naïve 1/N rule because of the error-

in-variable problem. This finding is disappointing for active money management. The 

novel cross-sectional asset allocation rule for a large number of assets proposed by 

Brandt, Santa-Clara and Valkanov (2009) allows investors to dynamically allocate their 

stocks according to cross-sectional stock characteristics without estimating the moments 

of the stock return distributions. This approach does not suffer the measurement-error 

problem and can be easily implemented. While Brandt, Santa-Clara and Valkanov (2009) 

show that this parametric rule can lead to portfolios with higher alphas and Sharpe ratios 

and can be extended to deal with transaction cost, short-selling constraints and 

conditional policy, they neither compare this rule with other common rules nor test how 

the application of this rule may be impacted by sample size, sample period, business 

conditions, preference functions etc.  While these tests are not the focuses in their paper, 

these investigations are necessary to address answer whether this rule is effective. Table 



  40 
   

 
 

1.10 illustrates the main tests I did in this study but Brandt, Santa-Clara and Valkanov did 

not do in their paper.  

Empirically, I find that the BSV rule is consistently better than, in terms of Sharpe 

ratio and alpha, both the MV and 1/N rules out-of-sample. The superior performance 

provided by BSV portfolio is strongly robust to the stock market state and weakly robust 

to the business cycle. The BSV rule is effective for investors with different preference 

functions or investment opportunities. The performance of the BSV portfolio is robust to 

data screening criteria, estimation periods, stock market state and business cycle. My 

results support that active investment management is useful.  

There are at least two remaining questions worth investigating. The first is the 

sources of the BSV portfolio performance. There are two possible reasons that explain 

the superior performance of BSV portfolios. One is the incompleteness of the 

conventional risk factor models since they only capture high moments of stock return 

distributions. If the stock returns are not normally distributed, which is highly possible 

for the power utility function, the conventional factor models are not sufficient to capture 

the risk profile of BSV portfolio returns. Brandt, Santa-Clara and Valkanov (2009) 

provide some indirect clues that the BSV investors do not think that it is risk-free to 

overweight small, value and past winner stocks. They document that the more risk-averse 

the investor is, the less she will invest in small and momentum stocks (Brandt, Santa-

Clara and Valkanov, 2009 Table V), implying that extra risks exist in this strategy.  To 

investigate how incomplete those performance measures are and whether their 

incompleteness is related to the superiority of the BSV portfolios is beyond the scope of 
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this paper. The second potential reason is that the BSV rule leads to portfolios with 

preferable non-normal distribution features of stock returns.  For example, the superiority 

may be driven by preferred higher moments of stock returns: higher average returns 

and/or more positive skewness. To address this issue, it is worth, in future research, 

investigating whether the BSV rule leads to portfolio with high average returns and 

positive skewness, and/or low standard deviation and kurtosis. Moreover, some modified 

performance measures, which capture the non-normal distribution of portfolio returns, 

could be used to examine whether the BSV rule is still effective.   

 The second interesting question is whether time-varying parameters can improve 

the BSV portfolio performance. This is interesting since previous studies show that the 

premiums of size, book-to-market and momentum are time-varying (e.g. Ferson and 

Harvey, 1987; and Chen, Petkova and Zhang, 2008). Accordingly, it is interesting to 

remodel the BSV approach as a function of the common business cycle-related variables 

and stock characteristics. We may predict that the time-varying parametric BSV rule with 

a combination of multiple macroeconomic variables will do better than the constant one.  

It is also interesting to see how the superiority of the BSV rule to the MV or 1/N 

rule is affected by short-sale constraints. Previous studies (Miller, 1977; Shleifer and 

Vishny, 1997; and Stambaugh, Yu and Yuan, 2012) show that impediments to short-sale 

are the main source of stock return anomalies. In the original paper by Brandt, Santa-

Clara and Valkanov (2009), they show that the Sharpe ratio and CAPM alpha with short-

sale constraint shrink by around 2/3 while this rule is still effective. Moreover, Ali and 

Trombley (2006) show that the profit of characteristic-based investment strategy is 
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mainly driven by short-sale activity.  We predict that the performance difference between 

the BSV portfolio and the MV should be much smaller or even not significant if short-

sales are not allowed in the BSV rule. 
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CHAPTER 2 

ON THE ECONOMIC SIGNIFICANCE OF STOCK RETURN 

PREDICTABILITY: EVIDENCE FROM MACROECONOMIC STATE VARIABLES 

1. Introduction 

In this study we address the questions of whether macroeconomic states are able 

to predict cross-sectional stock returns and how to take advantage of this predictability. 

Current studies show that cross-sectional stock returns are related to macroeconomic 

states. For example, Chen, Petkova and Zhang (2008) show that the premiums for value 

stock portfolios are time-varying; Chordia and Shivakumar (2002) and Cooper, Gutierrez 

and Hameed (2004) show that momentum premiums are related to macroeconomic states. 

Kandel and Stambaugh (1996) and Avramov and Chordia (2006) advocate quantifying 

the economic, rather than statistical, inference of stock return predictability. The 

economic significance analysis is appealing because it can avoid the statistical issues in 

direct predictability tests and is useful for decision makers.
21

 I use the same logic to 

examine whether conditioning on macroeconomic state variables is able to improve 

cross-section asset allocation decisions.  

I use the time-varying parametric portfolio selection algorithm proposed by 

Brandt, Santa-Clara and Valkanov (2009) (BSV) to measure the economic significance of 

cross-sectional stock allocations conditioning on macroeconomic state variables. Unlike 

the approach used by Kandel and Stambaugh, and Avramov and Chordia, the BSV 

algorithm allows us to directly derive the portfolio weights from the investor’s 
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 Stambaugh (1986, 1999), Lewellen (2004) and Campbell and Yogo (2006) discuss the power of 

predictability tests. 
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optimization problem. In the unconditional approach, portfolio weights depend on the 

stock characteristics such as size, book-to-market and past 12-months returns. In the 

conditional approach, the optimal weight of any given stock is a function of 

macroeconomic state variables and the stock’s characteristics. I use four macroeconomic 

variables, the short-term interest rate, term spread, default spread and dividend-price ratio 

and three stock characteristics, market capitalization of equity, book-to-market and 

momentum. I compare the out-of-sample performances of the optimal portfolios from the 

conditional approach to those from the unconditional approach. 

I find evidence that supports the hypothesis that asset allocation conditioning on 

macroeconomic states is economically significant. The portfolios selected using the 

conditional approach provides a Carhart alpha which is 125 basis points per month higher 

than portfolios from the unconditional approach. This economic value is robust to 

business conditions, estimation approaches, investment opportunity sets and transaction 

costs but not robust to short-sale constraint. The economic value becomes trivial when 

short-sale constraint is imposed. 

Conditional investors allocate their money differently from unconditional 

investors. Unconditional investors consistently overweight small, value and winner 

stocks over the whole out-of-sample period from 1974 through 2010. Conditional 

investors, however, allocate more in small stocks and less in value stocks over economic 

recession periods. They allocate more in winner stocks in recession years during 1970s-

1990s and less during 2000s. I also find that all four state variables are needed to fully 
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describe the state of economy. Conditioning on single macroeconomic state variable 

leads to portfolios with substantially lower alphas.  

The conditional portfolios have the following properties. First, the conditional 

portfolios, in each month, have similar average absolute weights, maximum and 

minimum weights, aggregated shorted weights, and fractions of shorted stocks to the 

unconditional portfolios. The similarity in weight between the two types of portfolios 

suggests that the conditional gains are not driven by extreme bets on individual stocks. 

The turnover of conditional portfolios is higher than that of unconditional portfolios, but 

the difference is mild, indicating that conditioning on macroeconomic variables does not 

cause extreme large trading activities. Secondly, the conditional optimal portfolios 

provide higher average return and more positive skewness than the unconditional 

portfolios, suggesting a link between predictable variations in investment sets and 

profitable opportunities. Finally, the conditional optimal portfolios have higher standard 

deviation and kurtosis than the unconditional portfolios.  

However, risk-averse investors should not make investment strategies solely 

relying on this predictability because such strategies may introduce high portfolio return 

volatility (risk). The certainty equivalent return delivered by portfolio selected 

conditioning on macroeconomic states is -100%, which suggests that conditional 

investors should not depend on any single conditional investment strategy. The low 

certainty equivalent return is driven by three huge losses occurred in 1974, 1981 and 

2002. The fundamental reason for these losses is the “overfitting” problem in-sample, 

which causes out-of-sample estimation fragile and unreliable.  This fragility causes the 
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abrupt change of magnitude and sign of estimated parameters. The unreasonable change 

in parameters leads to wrong extreme loading in feature stocks and causes huge loss, 

which deters risk-averse investors in turn. Alternative estimations or investment 

opportunity sets are not helpful to alleviate the “overfitting” problem. Short-sale is the 

main source of the high risk-adjusted returns and losses of conditional portfolios. The 

huge losses by conditional portfolios will be avoided and excess Carhart alphas become 

trivial once short-sale is not allowed.  

Risk-averse investors can take advantage of the predictability of macro variables 

by investing in risk-free asset, value-weighted market portfolio and the base conditional 

portfolio.  An investment strategy that includes 10% of capital in risk-free asset, 65% in 

value-weighted market portfolio and 25% in the portfolio conditioning on the 

predictability of macroeconomic variables can deliver an annualized Carhart alpha of 

20.6%. The associated certainty equivalent return is as high as 12.6%. The results are 

consistent with findings in Kan and Zhou (2007) Garllapi, Uppal and Wang (2007) and 

Tu and Zhou (2011) that combined rules are able to outperform single rules. 

My study contributes to literature on whether stock return predictability is 

economically important. The study by Kandel and Stambaugh (1996) is the first paper to 

examine the economic significance of stock return predictability. They focus on 

allocation between one risky asset and one risk-free asset, and show that return 

predictability impacts investor’s asset allocation and investment performance. Perhaps 

the study most closely related to this study is that of Avramov and Chordia (2006), who 

examine the economic value of cross-sectional predictability by alphas and betas in 
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predictive factor model. They document that stock return predictability is economically 

significant if alpha and beta are allowed to covary with macroeconomic state variables. 

Instead of assuming stock returns are linearly predicted by factor models, the BSV 

algorithm allows us to derive cross-sectional portfolio weights directly from investor’s 

maximization process without any explicit assumption of stock return generating pattern.  

The study by Brandt, Santa-Clara and Valkanov (2009) is the first paper to use this 

approach to explore the economic significance of cross-sectional return predictability by 

stock characteristics. My results support that macroeconomic state variables interacting 

with stock characteristics is able to predict not only cross-sectional variations in stock 

returns, but also time series variations.  

Moreover, this study also relates to literature of data mining concern in stock 

return predictability test. I find that Investors with an exponential utility are not willing to 

make investment strategies solely out of return predictability of macroeconomic variables 

because of an estimation fragility problem. Previous studies (Avramov and Chordia, 

2006; Rapach and Wohar, 2006; and Goyal and Welch, 2008) focus on out-of-sample 

tests to alleviate in-sample data mining concerns. My empirical results suggest that out-

of-sample average measures such as Fama-French and Carhart alphas are subject to an 

estimation fragility problem which is related to the in-sample “overfitting” problem.  

The rest of this paper proceeds as follows. I briefly introduce the asset allocation 

algorithm and empirical methodology, and discuss the data and descriptive statistics in 

section 2. The main empirical results of the economic significance conditioning on 

macroeconomic state variables and the robustness checks of the results are presented in 
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Section 3. I also examine whether the economic significance is robust to estimation 

approach and various investable asset sets. I investigate the properties of conditional 

portfolios in section 4, the impacts of short-sale constrain and transaction costs on the 

economic significance in section 5, and how to take advantage of the economic 

significance correctly in section 6. Section 7 concludes this study.  

2. Methodology  

2.1 The conditional portfolio selection algorithm 

To measure the economic significance of stock return predictability of 

macroeconomic state variables among a large set of stocks, I borrow the parametric 

portfolio selection algorithm proposed by Brandt, Santa-Clara and Valkanov (2009) to 

circumvent the statistical issues in conventional tests. In this algorithm, investors are risk-

averse and utility-maximizing, and have a constant relative risk aversion (CRRA) 

preference with a risk aversion level of five. They allocate their capital among a large set 

of stocks,   , and parameterize their portfolio selection as: 

      ̅   
 

  
                                                                                               (2.1) 

where  ̅   is the market equilibrium weight defined by the  ratio of the market 

capitalization of stock i to the aggregated market capitalization of all stocks in the 

portfolio in month t,      is the vector of normalized characteristics of stock i in month t, 

and   is the associated parameter vector. 
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The stock characteristics vector       is normalized to ensure that it is stationary 

over time and that the sum of      equals one in each month.
22

 The constant parameter 

vector,  , reflects investor’s beliefs about overweighting featured stocks such as small, 

value, and winner stocks. If each element in this vector is zero, then investors do not 

deviate from the market equilibrium weights.  If it is a non-zero vector, say (-1, 1, 1), 

then investors deviate from the benchmark weights and overweight small, value, and 

winner stocks. Since   is constant over t by construction, investors overweight featured 

stocks the same level in both economic recession and expansion times. 

The optimal stock allocations in equation (1) are directly derived from the 

following utility maximization process:  

   
         

  
   [ (        )]    [ (  ∑    

  

   

      )] 

where       is the expected utility in month t,        and        are the portfolio 

and stock i’s return in month t+1. 

Although the base BSV algorithm is able to capture the cross-sectional return 

predictability of firm’s characteristics, it does not capture the time series variations of 

such predictability. The later implies that the investor’s utility may not be optimized 

when investors still allocate into featured stocks, say, momentum stocks, when there is no 

premium for such stocks. To highlight this and incorporate the time-variation of cross-

sectional stock predictability,   is modified to be time-varying and condition on K 

macroeconomic state variables           as: 

                                                           
22

  See Brandt, Santa-Clara and Valkanov (2009) for details. 
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                                                                                       (2.2) 

Each coefficient of       reflects the impact of the corresponding 

macroeconomic state variable on the investor’s marginal beliefs about overweighting the 

associated featured stocks. Under the unconditional approach, in which theta is constant 

from any given estimation, the coefficients        are set to be zero, i.e.       . If at 

least one of       is non-zero, then equation (2) predicts that the conditional theta is 

time-varying because of the associated variation in state variables. Rewriting equation (1) 

by plugging (2) gives the explicit conditional optimal portfolio selection:  

      ̅   
 

  
  (       )                                                                             (2.3) 

 Equation (3) suggests that the optimal portfolio weights should relate to the 

interaction of state variables and the realized stock characteristics if macroeconomic state 

variables are able to predict the time series variations in cross-sectional stock returns. 

Since the coefficient matrix in equation (3) is constant, Brandt, Santa-Clara and Valkanov 

(2009) show that the investor’s conditional maximizing problem can be solved 

unconditionally.
23

 I estimate the coefficients by numerical methods and obtain the 

asymptotic covariance matrix of the coefficients proposed by Hansen (1982).
24

  

Finally, the realized conditional and unconditional portfolio returns at time t+1 

are: 

 ̂      ∑ ( ̅   
 

  
 ̂   ̂   ̂   )

  
    ̂                                                          (2.4) 

                                                           
23

 Brandt, Santa-Clara and Valkanov (2009) provide detailed discussions how to solve this maximizing 

problem unconditionally.  
24

 Specifically, the Newton-Raphson algorithm works here, the appendix provides the details of this 

approach. 

 



  51 
   

 
 

where  ̂      is the realized return of stock i in period t+1.  

The logic of my study is the follows. If macroeconomic state variables interacted 

with stock characteristics is able to predict cross-sectional stock returns and time series 

variations in returns, conditioning on these variables should lead to different allocation 

across the business cycle from the unconditional approach. As a result, conditional 

investors should be able to perform better than unconditional investors in general and 

over economy recession times. For example, in the past decade, the premiums paid to 

value and past winner stocks become trivial or negative when the macroeconomy is in 

recession, then the conditional approach leads to underweight value and winner stocks in 

those periods and produces a portfolio with higher Fama-French or Carhart alphas than 

the unconditional approach. 

There is much debate about the data mining concern in stock return predictability 

tests. Specifically, Bossaerts and Hillion (1999) and Goyal and Welch (2008) show that 

in-sample predictability is subject to data overfitting concerns and does not guarantee 

out-of-sample predictability. In this study, I compare the out-of-sample performance 

between the conditional and unconditional portfolios to test the predictability of 

macroeconomic state variables. 

2.2. Variable construction 

I use the short-term interest rate, term spread, default spread and aggregate market 

dividend-price ratio to describe macroeconomic states. Previous studies show that these 

variables are able to characterize different aspects of macroeconomic states and are 

related to future stock returns. Fama (1981), and Fama and Schwert (1977) document that 
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the short-term interest rate is a proxy of the expectations for future economic activities. 

Keim and Stambaugh (1988), Campbell and Schiller (1988), and Fama and French (1988) 

show that dividend-price ratio is associated with the slow mean reversion of stock returns 

across economic cycles. Fama and French (1988) show that default and term spreads are 

related to long-term and short-term business cycles. The short-term interest rate (INT) is 

defined as the yield on the 3-month Treasury bills (T-bill). Dividend is defined as the 12-

month moving aggregated dividend paid on S&P 500 Index; Dividend-price ratio (D/P) is 

the aggregated dividend divided by current S&P 500 index. The term spread (TERM) is 

defined as the difference between the average yield of Treasury bonds with more than 10 

years to maturity and the average yield of T-Bills that mature in three months and the 

default spread (DEF) as the difference in the average yields between the BAA corporate 

bonds and the AAA bonds which are rated by Moody’s. My definitions of these 

macroeconomic variables are consistent with literature (e.g. Chordia and Shivakumar, 

2002; and Goyal and Welch, 2008).  

I use the three most common stock characteristics in the literature: market 

capitalization of equity, book-to-market and momentum, and define them as in Brandt, 

Santa-Clara and Valkanov (2009). The market capitalization of equity (me) is defined as 

the log of stock price per share multiplied by number of shares outstanding. The book-to-

market (B/M) ratio is the log of one plus book value of equity divided by market value of 

equity. The book value of equity equals total assets minus liabilities and preferred equity 

value, plus deferred taxes and investment tax credits. I require that the accounting 
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numbers lag the stock returns at least six months. The momentum (mom) is calculated as 

the compounded return between month t-13 and t-2. 

To measure portfolio performance, I use certainty equivalent value, Sharpe ratio, 

and CAPM, Fama-French and Carhart alphas. The certainty equivalent return is derived 

directly from the realized CRRA utility function with a risk aversion of five. Sharpe ratio 

is the time series mean of optimal portfolio excess return over the risk-free asset return 

divided by the corresponding standard deviation; alphas are obtained from the 

conventional linear asset pricing regressions. All measures are annualized. Subsets or all 

of them are used by Kandel and Stambaugh (1996) and Avramov and Chordia (2006), 

among others, to examine the economic significance of stock return predictors, and by 

DeMiguel, Garlappi and Uppal (2009) to compare the 1/N strategy with different 

sophisticated mean-variance asset allocation strategies. The certainty equivalent value is 

considered a better measure for CRRA utility-maximizing investors (see Brandt, Santa-

Clara and Valkanov, 2009) as it is derived directly from the maximized utility. Higher 

(lower) alphas delivered by conditional portfolios than unconditional portfolios imply 

(lack of) return predictability of macroeconomic state variables and higher certainty 

equivalent returns suggest that risk-averse investors are willing to take advantage of such 

predictability. The three types of portfolio performance measures do not need to be 

consistent with each other given that they measure portfolio performance from different 

perspective. 

2.3 Data and descriptive statistics 
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Data construction of stock characteristics is the same as that in chapter 1. The 

sample data period is from 1964 through 2010. Firms’ annual accounting data are from 

the COMPUSTAT database and the monthly stock returns from the CRSP database, and 

are merged by the CRSP-COMPUSTAT linktable file. I screen the merged data and 

construct the firm’s three characteristic variables following the procedure proposed by 

Brandt, Santa-Clara and Valkanov (2009) after I exclude the 20% smallest stocks from 

my sample.
25

 Finally, I normalize the characteristics to ensure that they are stationary 

across time and that the sum of overweighting featured stocks in equation (3) equals zero 

in each month.  

On average, there are 3516 stocks per month in my sample with the fewest stocks 

in February 1964 (903 stocks) and the most stocks in September 1997 (5929 stocks) (see 

Table 1.1). In general, the number of stocks increases over time before 1997 and 

decreases afterwards. Figure 2.1 illustrates the time-series distribution of cross-sectional 

mean of stock characteristics before normalization. The magnitude and time trend of each 

characteristic variable are comparable to that of Brandt, Santa-Clara and Valkanov 

(2009).  

Table 1.1 reports the summary statistics of cross-sectional weights and 

characteristics of the sample dataset (before normalization). The time series averages of 

the cross-sectional equal-weighted and value-weighted weights over 1964-2010 are 

0.04% and 3.55%, respectively. In each month, I also pin down the largest and smallest 

value-weighted weights. Over the whole sample period, the largest weight is 9% on 
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 See the appendix in Brandt, Santa-Clara and Valkanov (2009) for details. 
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average and the smallest weight is zero. The value- and equal-weighted portfolio weights 

are useful benchmarks to examine whether my strategy causes extreme allocations. The 

values of the characteristic variables in each month are cross-sectional averages of all 

qualified stocks in that month. The time series means of the cross-sectional average of 

me, B/M and mom in each month are 18.33, 0.54, and 0.15, respectively. The largest and 

smallest cross-sectional average me are 20.24 in May 2008 and 16.73 in January 1975; 

the largest and smallest B/M are 0.99 in January 1975 and 0.38 in January 1969;  and the 

largest and smallest mom are 1.03 in August 1983 and -0.48 in May 2009. The results are 

similar to that of Brandt, Santa-Clara and Valkanov (2009, Figure 1). 

The data of macroeconomic state variables are from two sources: the Federal 

Reserve website (the INT, TERM and DEF) and Robert Shiller’s website (the D/P).
26

 

They are also normalized. Figure 2.2 is the time series distribution of each 

macroeconomic variable before normalization. All variables have their own patterns 

across business cycles. INT decreases, and TERM and DEF increase during the economic 

contractionary periods. D/P does not change monotonically during the economic 

recession periods. It increases at the beginning and then decreases, indicating that the 

dividend-price ratio lags the business cycle. The pronounced different and independent 

evolution patterns of these variables suggest that they complement each other to reflect 

different aspects of the macroeconomy, consistent with findings in previous studies (e.g. 

Campbell and Shiller, 1988; Fama and French, 1988; among others). 

                                                           
26

 The links are http://www.federalreserve.gov/econresdata/statisticsdata.htm and 

http://www.econ.yale.edu/~shiller/data.htm. We thank Robert Shiller for providing this dataset 

http://www.federalreserve.gov/econresdata/statisticsdata.htm
http://www.econ.yale.edu/~shiller/data.htm
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The monthly factor returns and risk-free asset return used in portfolio 

performance evaluation models are from Kenneth French’s online data library.
27

 

3. Main empirical results 

In this section, I first investigate the impacts of macroeconomic state variables on 

asset allocations. Specifically, I examine the impact of macroeconomic state variables on 

the time series variation of thetas in equation (2), which are the overall beliefs about 

over/underweighting featured stocks. I predict that the conditional thetas are more 

volatile to reflect the impact of macroeconomic states on investors’ beliefs. I also 

examine the marginal impact of macroeconomic state variables on investor’s beliefs, the 

deltas in equation (2). I then draw the economic inference for macroeconomic state 

variables’ predictability, i.e. I explore the issue of whether the portfolios selected using 

the conditional approach perform better than that using the unconditional approach. This 

comparison in economic crisis periods is interesting in particular. If macroeconomic state 

variables are able to predict the time series variations in cross-sectional returns, I predict 

that conditional investments perform better than unconditional investments over 

economic recession periods.  

3.1 Impact of macroeconomic states on stock allocations 

Figure 2.3 illustrates the time series thetas conditioning on the full set of 

macroeconomic state variables and the unconditional thetas. For both conditional and 

unconditional approach, equation (2) implies three linear equations corresponding to 

firm’s characteristics. In each linear equation, the deltas need to be estimated and thetas 
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 http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html. We thank Kenneth French for 

making these data available. 

http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html
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are then derived by equation (2). Notice that the delta associated with each 

macroeconomic state variable indicates the marginal impact of the corresponding variable 

on investor’s beliefs about over/underweighting featured stocks. The overall impact of 

macroeconomic state variables on investor’s overall over/underweighting beliefs is the 

sum of all terms except the intercept on the right hand side of equation (2). The time 

series deltas and thetas are estimated as follows. I estimate the deltas for year 1974 over 

the data of the first 10 years (1964-1973) and derive the thetas for year 1974 from the 

estimated deltas. I update the dataset to the end of year 1974 to find the deltas and thetas 

for the subsequent year (1975) and so forth. This estimation procedure is similar to that 

by Brandt, Santa-Clara and Valkanov (2009). I end up with sequences of delta and theta 

from 1974 through 2010. 

In Figure 2.3, the first graph is the thetas associated with market capitalization of 

equity, the second with book-to-market, and the third with momentum. Figure 2.3 shows 

that the unconditional theta associated with market capitalization of equity is negative 

over the whole out-of-sample period, the unconditional thetas associated with book-to-

market and momentum are positive. These findings suggest that the unconditional 

approach leads to overweight small, value and winner stocks similarly across time, 

consistent with that this approach does not take into account the time varying 

predictability of cross-sectional size, book-to-market ratio and momentum. However, not 

only the magnitudes but also the signs of the thetas conditioning on all macroeconomic 

variables vary across time, consistent with my prediction that investors’ beliefs about 

overweighting featured stocks condition on macroeconomic states. For example, 
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conditioning on macroeconomic state variables leads to negative thetas associated with 

book-to-market and momentum and underweight those stocks during the latest economic 

recession period (2007-2009) because the investment returns on value and winner stocks 

become trivial or negative. The volatile conditional thetas are also consistent with the 

finding by Kandel and Stambaugh (1996) that stock return predictability impacts 

investor’s asset allocation behavior. However, the leptokurtic shape of the conditional 

thetas also suggests that in-sample “overfitting” problem may cause out-of-sample 

estimation to be fragile and not robust.  

Figure 2.4 plots the time series of the estimated deltas of equation (2) for each 

single-variable conditional approach using the same estimation procedure above. Figure 

2.4 shows that the marginal impact of macroeconomic state variables on investor’s 

over/underweighting beliefs varies across time. Take conditioning on the dividend-price 

ratio as an example. The time series delta in the equation of market capitalization of 

equity varies from 1.0 to -4.2 with a mean of -0.65. It is negative before year 2000 and 

positive afterwards, indicating that investors believe that they should allocate more in 

small stocks over 1980s and 1990s but less over 2000s. Figure 2.4 shows similar 

variation patterns of deltas in B/M and MOM equations conditioning on dividend-price 

ratio. Figure 2.4 also shows that the sign and magnitude of deltas conditioning on other 

single macroeconomic variables vary over time. The sharp changes in conditional 

investor’s belief about over/underweighting featured stocks are consistent with the 

hypothesis that macroeconomics state variables impact investor’s cross-sectional asset 

allocation and this impact is time-varying on one hand. On the other hand, this could be 
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driven by the so-called “overfitting” with in-sample data, which causes the out-of-sample 

estimation fragile and the estimated parameters unreasonably deviating from the ‘correct’ 

value.  Regardless of this, it is interesting and important to examine whether investors 

strongly believe that they should over/underweight a specific type of stocks at any point 

of time. For this purpose, I investigate the statistical significance of deltas in equation (2) 

in each month and report one period of estimation as an example.  

Table 2.1 illustrates the estimated deltas and the associated asymptotic standard 

deviations for year 2010 (point estimation). Each of Models 1-4 conditions on one 

macroeconomic variable. Models 1 to 4 help us understand whether each macroeconomic 

variable alone is sufficient to characterize the macroeconomic states. The base case is 

Model 5, which conditions on all four macroeconomic state variables. Let us start with 

strategies conditioning on single macroeconomic variables. In Model 1, the estimated 

coefficient on the short-term interest rate is -2.0 in the equation of market capitalization 

of equity, 1.6 in the book-to-market equation, and 1.4 in the momentum equation. These 

coefficients suggest that this conditional strategy leads to allocate more in small stocks 

and less in value and momentum stocks than the unconditional approach in January, 

April, May, August 2010 during which the short-term interest rate decreases. The 

associated t-statistics are significant, suggesting that investors strongly believe that they 

should follow these over/underweighting strategies. Similarly, the estimated slopes in 

Models 2 and 3 suggest that conditioning on term spread or default will lead to allocate 

more in small, value and winner stocks than the unconditional approach whenever term 

or default spread increases in 2010. The positive slope signs in Model 4 suggest that 
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conditioning on dividend-price ratio leads to allocate less in small stocks and more in 

value and winner stocks if dividend-price ratio increases. 

The signs and magnitudes of the coefficients conditioning on the full set of 

macroeconomic state variables are different from that conditioning on single variables as 

the state variables interact with each other during the predicting process. For example, 

Model 5 shows that the coefficients on short term interest rate and term spread in the 

equations of market capitalization of equity are positive while the counterparts in Models 

1 and 2 are negative and significant. As mentioned above, however, the overall impact on 

investment opportunity set is the aggregated marginal impacts of all state variables. 

These differences of coefficients in signs and magnitudes suggest that the portfolios 

conditioning on the full set of macroeconomic state variables may deliver portfolio 

choice and returns different from that conditioning on subsets of state variables. 

To summarize, the results above suggest that macroeconomic state variables have 

impacts on investors’ asset allocation decisions. When the macroeconomic states change, 

the conditional approach leads to different loading behavior in featured stocks from the 

unconditional approach. The full set of state variables may be able to describe the 

macroeconomic states from different aspects while single state variable describes one 

specific attribute. Moreover, the out-of-sample estimation may be fragile and unreliable. 

3.2. Economic significance  

From this subsection, I start to explore the economic significance of the 

predictability of macroeconomic state variables and its impact on investor’s stock 

allocation decisions. Table 2.2 illustrates the out-of-sample asset allocation performance 
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of the conditional and unconditional portfolios over the whole out-of-sample period 

(Panel A), and economic expansion (Panel B) and recession (Panel C) periods. The 

economic expansion and recession periods are defined by the National Bureau of 

Economic Research (NBER).
28

 In each panel, I report the certainty equivalent return, 

Sharpe ratio, and CAPM, Fama-French and Carhart alphas of the optimal portfolios 

selected conditioning on the full set and subsets of macroeconomic state variables and the 

portfolio from the unconditional approach. The differences in the performance measures 

between each conditional portfolio and the unconditional portfolio are used to gauge the 

economic significance conditioning on the associated macroeconomic state variables.  

Consistent with Brandt, Santa-Clara and Valkanov (2009), Panel A of Table 2.2 

provides evidence that stock characteristics are able to predict cross-sectional stock 

returns, i.e. the unconditional approach can produce portfolios with high certainty 

equivalent return and Sharpe ratio, and positive alphas. The Carhart alpha, Sharpe ratio 

and certainty equivalent return are 20%, 1.3 and 11%, respectively, which are comparable 

to the 3%, 0.94 and 12% in Brandt, Santa-Clara and Valkanov (2009) while my Carhart 

alpha is stronger. More interestingly, Panel A of Table 2.2 provides evidence that 

conditioning on the full set of macroeconomic state variables (Model 5) produces 

portfolios with higher alphas than the unconditional portfolio. The conditional portfolio 

provides an annualized Carhart alpha as high as 35%, about 15% per year or 125 basis 

points per month higher than the unconditional portfolio. This is consistent with the 

findings by Avramov and Chordia (2006) that conditioning on macroeconomy states can 
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 http://www.nber.org/cycles.html. 

http://www.nber.org/cycles.html
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produce portfolios with higher average risk-adjusted returns. The conditional portfolio, 

however, delivers a Sharpe ratio that is lower than that of the unconditional portfolio. 

This is consistent with Figure 2.5 (see next section) that the conditional portfolio returns 

are more volatile than the unconditional portfolio returns.
29

 More surprisingly, the 

conditional portfolio delivers an annualized certainty equivalent return of -100%, which 

suggests that a CRRA investor is reluctant to allocate their capital solely conditioning on 

macroeconomic states because of high risk. This is also consistent with the volatile 

distribution of the conditional portfolio returns in Figure 2.5. The main reason is that they 

are deterred by the huge losses in December, 1974 (-102%), January, 1981 (-77%), 

January, 1985 (-142%) and January, 2002 (-78%) while they may obtain higher average 

returns.
30

 This is also consistent with that investors are risk averse and more sensitive to 

their investment losses than gains and also supports that the estimation of this approach is 

fragile and unreliable.  

To conclude, the mixed results suggest that conditioning on a set of 

macroeconomic state variables can lead to portfolios with higher alphas, evidence of 

return predictability, but risk-averse investors are vigilant against the potential losses by 

this strategy and do not solely rely on this approach.  

Panel A of Table 2.2 also shows that the alphas delivered by conditioning on 

single macroeconomic state variables are similar to but the certainty equivalents are still 

smaller than that delivered by the benchmark portfolio. For example, the portfolio formed 
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 This is also verified by the lower adjusted R-squares of the factor model regressions on the unconditional 

portfolio returns. 
30

 The certainty equivalent becomes 19.7%, 6% higher than that of unconditional portfolio, if the extreme 

leptokurtic points are excluded.  
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conditioning on short-term interest rate delivers annualized CAPM, Fama-French and 

Carhart alphas similar to that of the unconditional portfolio. Its Sharpe ratio is also 

slightly lower than that of unconditional portfolio although its certainty equivalent is 

slightly higher. The results suggest that full set of macroeconomic state variables better 

describe the macroeconomy and the time-varying premiums of cross-sectional stock 

return predictors than single ones.
31

 

Panels B and C in Table 2.2 illustrate the economic values of conditioning on 

macroeconomic state variables over economic expansion and recession periods. Since the 

unconditional approach ignores the time-varying properties of stock return predictor 

premiums, we may predict higher alphas delivered by conditional portfolios than that by 

the unconditional portfolio over recession periods.  Panel B shows that the alphas, Sharpe 

ratio and certainty equivalent return delivered by the benchmark portfolio are greater than 

that over the whole sample. The Carhart alpha increases by 0.2%, certainty equivalent 

return by 6% and Sharpe ratio by 0.2. However, the portfolio formed conditioning on the 

whole set of macroeconomic state variables delivers smaller alphas but greater Sharpe 

ratio than that over the whole out-of-sample period. Consistent with the findings in Panel 

A, the conditional portfolio still delivers higher alphas and lower Sharpe ratio and 

certainty equivalent return than the unconditional portfolio, suggesting that risk-averse 

investors cannot take an investment strategy solely out of macro variables’ predictability. 

Portfolios conditioning on single variable perform similarly to the base conditional 

portfolio. 

                                                           
31

 In an unreported table, we also find that the conclusion holds for conditioning on any subset of all four 

macroeconomic variables. 



  64 
   

 
 

Panel C shows that the unconditional portfolio performs worse when economy is 

in recession than in expansion. Its Carhart alpha shrinks by 70% from 20% over 

expansion periods to 6% over recession periods and its certainty equivalent return from 

17% to -14%.  These results are consistent with the previous discussion that size and 

momentum premiums may be smaller when the economy is in recession. The base 

conditioning portfolio, on the other hand, delivers higher Fama-French and Carhart 

alphas during economic recession periods than during expansion periods. The Carhart 

alpha delivered by conditional portfolio is as high as 45% and much higher than that of 

the benchmark portfolio over the same periods. The Sharpe ratio is smaller than the 

counterpart over expansion periods but greater than that of the benchmark portfolio over 

recession periods. However, the -100% of certainty equivalent suggests that it is risky for 

CRRA investors to allocate their capital solely using this strategy because of the 

estimation fragility out-of-sample. 

To summarize, Table 2.2 shows that conditioning on macroeconomic state 

variables are economically significant for cross-sectional stock allocations, supporting 

that macroeconomy state variable interacted with stock characteristics is able to predict 

both cross-sectional stock returns and time series variation in these returns. However, the 

predictability of single macroeconomic state variables is not as strong as that of the full 

set of macroeconomic variables. Moreover, the out-of-sample estimation is fragile and 

may introduce huge risks, which make risk-averse investors are not able to make 

investment strategies solely out of this predictability.  

 3.3 Alternative estimations 
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In last section I show that the out-of-sample parameter estimation is fragile and 

unreliable. In this section I try to deal with this problem by applying alternative 

estimation approaches.   

There are two major approaches which may be helpful to improve parameter 

estimation. This first approach is to estimate out-of-sample parameters with a rolling 

window of historical data rather than an updating window. The fragility problem may be 

fixed if it is caused by redundant and misleading information in distant historical data. 

The second approach is to estimate parameters using alternative datasets. This makes 

sense if the fragility is driven by some extreme stocks. I achieve this by changing the data 

screening criteria to generating various sets of stocks. 

3.3.1 Rolling estimation approach 

It is difficult to gauge how much historical information investors should use for 

their portfolio allocation decisions. Moreover, the facts that the conventional state 

variables do not sufficiently characterize the time-varying premiums of cross-sectional 

stock return predictors suggest that shorter estimation periods may introduce more noise 

during the estimation process. I find that the estimates and economic values are less 

impacted when 10 or more years of historical information of stock predictors are used. 

Table 2.3 reports the portfolio performances and economic significances conditioning on 

rolling information of macroeconomic states and stock characteristics over the very past 

15 years. The estimation procedure is similar to that in previous sections except that the 

estimation period is not expanded but rolled each year. 
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Panel A of Table 2.3 shows that both unconditional and base conditional 

portfolios produced by rolling approach can deliver high Carhart alphas, which are 24% 

and 93% and higher than by updating approach respectively. The difference in Carhart 

alpha between the two portfolios is 69%, which is around five times as high as that with 

updating approach. However, the certainty equivalent return and Sharpe ratio delivered 

by the base conditional portfolio are still lower than that by the benchmark portfolio, 

indicating that risk-averse investors are not willing to take an investment strategy solely 

out of this approach either. Moreover, Panel A shows that conditioning on single macro 

variable except short term interest rate may deliver portfolios with Carhart alphas higher 

than that of the benchmark portfolio. Unfortunately, the negative certainty equivalent 

returns suggest that these portfolios are risky. 

Panel B of Table 2.3 shows similar pattern of economic significance conditioning 

on macroeconomic state variables over economic expansion periods to Panel A and that 

risk-averse investors are reluctant to take a strategy solely out of this approach. Panel C, 

however, shows that conditioning on the full set of macroeconomic variables produces 

portfolios with higher alphas and Sharpe ratios than the unconditional strategy. For 

example, the base conditioning approach leads to a portfolio with Carhart alpha and 

Sharpe ratio 120% and 0.07 higher than the unconditional approach and the 

improvements in alphas are statistically significant.
 32

 These results are stronger than that 

in Table 2.3 and Panels A and B of table 2.3. However, the low adjusted R-squares for 

                                                           
32

 The Carhart alpha of Model 5 is higher than the corresponding Fama-French alpha because the 

coefficient on momentum factor returns is -0.43 in Carhart regression. Similarly, the coefficient on 

momentum in Model 3 is -0.03, which drives the Carhart alpha slightly higher than the Fama-French alpha. 
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factor model regressions of Model 5, lower than that in Panel A, suggest that much noise 

is introduced by macroeconomic state variables in economic recession periods. The 

certainty equivalent return delivered by the base conditional portfolio is as low as -100%, 

suggesting that this investment strategy is risky. Similarly, conditioning on short-term 

interest rate or term spread provides portfolios with higher certainty equivalent returns, 

alphas and Sharpe ratios than the unconditional approach but conditioning on default 

spread or dividend-price ratio does not. 

In short, the results above are similar to that in Table 2.2 and suggest that rolling 

approach does not help improve the estimation fragility problem. 

3.3.2 Alternative size of investment opportunity set 

The investment opportunity set above is the database that 20% of the smallest 

qualified stocks are excluded. In this sub-section, I generate four alternative opportunity 

sets from four cutoffs of the smallest qualified stocks: 0%, 10%, 40% and 60% and 

examine whether any of these datasets is able to improve the estimation fragility problem. 

The performances of the conditional and unconditional portfolios formed on each dataset 

are reported in in Table 2.4.   

The investment sets in Panels A and B are larger than the base case. Panel A 

illustrates the economic significance conditioning on macroeconomic state variables with 

all qualified stocks. Both conditional and unconditional approaches lead to portfolios 

with higher alphas and Sharpe ratios than the base case (Table 2.2). For example, the 

Carhart alpha and Sharpe ratio of the unconditional portfolio are 29% and 1.5, 

respectively, which are 9% and 0.2 higher than the counterparts of the base dataset (Table 
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2.2). More interestingly, the base conditional strategy (Model 5) produces portfolios with 

higher alphas than the unconditional strategy. The difference in alphas delivered by 

unconditional and conditional portfolios is comparable to the counterparts in Table 2.2.  

The alphas delivered by portfolios formed conditioning on single macroeconomic 

variable are smaller than that from Model 5, but they are comparable to the counterparts 

in Table 2.2 (the base dataset). The lower Sharpe ratios delivered by portfolios selected 

conditioning on single macroeconomic state variables and the lower adjusted R-squares 

in Model 5 suggest that conditioning on multiple variables introduces extra noise in 

portfolio decision. The certainty equivalent return delivered by the unconditional 

portfolio is 29%, which is 17% higher than that in Table 2.2. The certainty equivalent 

return delivered by the base conditional portfolio is as low as that in Table 2.2, indicating 

that estimation fragility is still a big concern and risk-averse investors are not willing to 

take investment strategies solely based on this approach. Panel B reports the 

performances of portfolios selected using the conditional and unconditional strategies 

based on the dataset that 10% of the smallest stocks are deleted. The results are similar to 

that in Panel A.  

The investment opportunity sets in Panels C and D are smaller than the base 

dataset. In Panel C, 40% of the smallest stocks are eliminated and 60% in Panel D. The 

magnitudes of the alphas and Sharpe ratios in Panels C and D are smaller than the 

counterparts in Panels A and B, and Table 2.3, indicating that the performance of 

portfolios from both conditional and unconditional approaches are partially from 
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overweighting small stocks. The certainty equivalent returns by conditional strategies are 

still as low as that in Panels A and B, suggesting the existence of estimation fragility.  

In words, the higher Carhart alpha gained by conditioning on macroeconomic 

state variables is robust to both alternative estimation approaches and investment 

opportunity sets and the estimation fragility is not improved by any of them.  

4. Properties of the conditional portfolios 

In the previous section, we see that conditioning on macroeconomic state 

variables can produce portfolios with higher Fama-French and Carhart alphas than 

investment strategy ignoring macroeconomy states. However, we also see that adding 

macro state variables into the optimizing process is subject to “overfitting” problem, 

causes the out-of-sample estimation unreliable and leads to a low certainty equivalent 

return. We further see that rolling estimation approach and alternative investment 

opportunity sets are not helpful to improve this problem. In this section, I try to 

understand why conditioning on macroeconomic state variables is economically 

significant but CRRA investors should not solely rely on this significance. One reason 

could be that conditioning on macroeconomic state variables causes extreme bets on very 

few stocks. I closely look at the aggregated characteristics and asset allocation properties 

of conditional and unconditional portfolios. The results show that conditioning on 

macroeconomic state variables does not lead to extreme weights on individual stocks but 

leads to aggregated characteristics unreasonably different from zero, suggesting fragility 

in out-of-sample estimation. Then I look at the time series and first to fourth moments of 
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the conditional and unconditional portfolios and find that conditional portfolio returns are 

leptokurtic and positively skewed. 

Figure 2.6 reports the time series of the aggregated weighted characteristics as 

∑         
  
    for both unconditional and the base conditional approach. On one hand, 

Figure 2.5 shows that the aggregated size, book-to-market and momentum in each month 

of the unconditional portfolio are smooth and different from zero in most times. The 

aggregated book-to-market and momentum are always positive and the aggregated size is 

negative in most months.   On the other hand, Figure 2.5 shows that the aggregated size, 

book-to-market and momentum of the conditional portfolio evolve in a different way. 

First they are more volatile than the unconditional counterparts. In fact they are 

leptokurtic but the unconditional counterparts are not. Second their signs switch from one 

direction to another frequently in the first ten years while the counterparts’ keep the 

same. The abrupt sign switches correspond to that of thetas in Figure 2.4 and suggest 

estimation fragility out-of-sample.  

4.1.   Portfolio weight distribution 

Table 2.5 reports the time series means of cross-sectional weights of the 

conditional and unconditional portfolios. I report the turnovers, maximum and minimum 

weights, and cross-sectional average absolute stock weights of each portfolio. I also 

report the fraction of the shorted stocks and the aggregated shorted weights of each 

strategy. The first column contains the portfolio weight properties of the unconditional 

strategy. Columns 2-6 are the properties of the conditional portfolios defined in Table 

2.1. The first few rows are the weights over the out-of-sample period. These rows show 
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that the differences in time series means of maximum and minimum weights, aggregated 

short positions, and cross-sectional average absolute stock weights between the 

unconditional and base conditional portfolios are not unreasonably large. The differences 

in turnover between the two types of portfolios are mild. For example, the time series 

means of the cross-sectional average absolute stock weights for the unconditional 

portfolio and the base conditional portfolio are 0.15% and 0.29%. Their aggregated 

shorted weights are 250% and 477%, suggesting that conditioning on macroeconomic 

states leads to large shorting position. The turnover of the base conditional portfolio is 

3.18, which is not extremely high but more than double of the turnover by unconditional 

approach. The high turnover may suggest that conditioning on macroeconomic state 

variables leads to more frequent trades to capture good investment opportunities over the 

business cycle or may be the mislead result of estimation fragility. The increase in 

turnover also suggests that the portfolio outperformance conditioning on multiple state 

variables may be partially attributed to transaction costs. The turnovers of portfolios 

selected conditioning on single state variables, however, are close to that of the 

unconditional portfolio, suggesting that their economic values are not driven by 

transaction costs while their economic values are small. 

The next few rows illustrate the portfolio weights of the conditional and 

unconditional portfolios over the economic expansion periods and the last few rows over 

the economic recession periods. The results for both cases are similar to that over the 

whole period. The results in these columns also suggest that conditional investors trade 

more frequently and take larger short positions when economy is in recession. 
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Table 2.6 provides the overall picture of how conditional and unconditional 

investors allocate their capital among featured stocks. Figure 2.6 reports the dynamics of 

aggregated weights in small (top), value (middle), and winner (bottom) stocks. Small 

stocks are stocks with negative normalized market capitalization of equity. Similarly, 

value stocks have positive normalized book-to-market ratio and winner stocks have 

positive normalized momentum. The small/value/winner stocks refer to stocks with 

negative normalized market cap of equity, positive normalized book-to-market and 

momentum. Figure 2.6 shows that the unconditional approach leads to overweight on 

small, value or winner stocks persistently and the aggregated overweights in featured 

stocks are not extreme. However, the conditional approach does not lead to consistent 

overweight particularly in the first ten years. Furthermore, this approach leads to extreme 

loading on both small and large, value and growth, and winner and looser stocks in 

different months, which suggests both predictability and estimation fragility. The 

leptokurtic points correspond to the counterparts of thetas in Figure 2.3 and of aggregated 

characteristics in Figure 2.5. In next sections, we will see that these peak points are 

related to both over- and underperformance of the base conditional portfolio. 

4.2 Moments of portfolio returns 

In last section, I document that the difference in portfolio weight and positions 

cannot explain why conditional investors are not willing to make investment strategy out 

of macro variables’ predictability. In this section, I examine the first to fourth moments of 

the conditional and unconditional portfolio returns to understand how conditioning on 
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macroeconomic state variables leads to portfolios with higher risks which deter risk-

averse investors. 

Table 2.6 reports the first to fourth moment of the monthly return distributions of 

the ex-post conditional and unconditional portfolio returns over the whole out-of-sample 

period, and economic expansion and recession periods. Let us start with the whole 

sample period. The time series average return of the base conditional portfolio (Model 5) 

is 70%, 24% higher than that of the unconditional portfolio. The base optimal portfolio 

returns have a positive skewness of 2.1 but the skewness of the unconditional portfolio 

returns is -0.5. The kurtosis is 29 for the conditional portfolios and 3.6 for the 

unconditional. The positively skewed conditional portfolio returns suggest that the 

associated higher kurtosis is driven by high positive, rather than negative, realized 

returns, which is preferable. The higher average return, more positive skewness and 

higher kurtosis of the conditional portfolios suggest that conditioning on macroeconomic 

state variables helps to identify good stocks and trading. However, the unconditional 

portfolio returns have a standard deviation of 31% but the base conditional portfolio’s is 

83%. The increase in standard deviation is greater than the increase in average return, 

which causes the conditional portfolio’s lower Sharpe ratios. Since CRRA investors 

prefer positively skewed portfolio, the difference in moments between conditional and 

unconditional portfolios supports that macroeconomic states are able to predict stock 

returns. The return moments of portfolios selected conditioning on one macroeconomic 

variable, however, are different from that of the base conditional approach. The increases 

in average returns and skewnesses by these conditional portfolios are trivial and much 



  74 
   

 
 

smaller than the increase in standard deviations, consistent with that their economic 

significances are small and their Sharpe ratios are lower than that of the unconditional 

approach. Take the investment conditioning on short-term interest rate as an example. 

The average return of this conditional optimal portfolio is 44%, which is 2% lower than 

that of the unconditional strategy. The skewness of this conditional portfolio is -0.06, 

suggesting that this portfolio returns is less negatively skewed than that of the 

unconditional portfolio. The portfolio selected conditioning on short-term interest rate 

provides similar standard deviation and kurtosis to that from the unconditional approach. 

The mixed facts of all these moments suggest that the economic significance conditioning 

on short-term interest rate is small.  

The moments of the portfolio return distributions of the conditional strategies 

over economic expansion periods show similar patterns to that over the whole sample 

period while the magnitudes of increases in average return and skewness are smaller. 

However, the difference in average return between the base conditional portfolio returns 

and the unconditional returns over the economic recession periods is higher than that over 

the whole sample period. The base conditional portfolio delivers an average return of 

111%, four times larger than that of the unconditional portfolio. Its standard deviation 

almost quadruples that of the unconditional portfolio. The skewness of the base 

conditional portfolio returns is 2.9 and the unconditional portfolio returns is still 

negatively skewed. These findings suggest that conditioning on macroeconomic state 

variables leads to preferable variations in investment opportunity sets. Similar to the 

findings over the economic expansion and the whole sample periods, the improvements 
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in average returns and skewness of portfolio returns conditioning on single 

macroeconomic variables are small, which is consistent with their trivial economic 

significances. 

The main disadvantage of examining portfolio moments is that we only observe 

the average effect of conditioning on macroeconomic states on investment rather than the 

dynamic effect, which may help to understand the sources of low certainty equivalent 

returns. For this purpose, I plot the time series of conditional and unconditional portfolio 

returns in Figure 2.7. The portfolio returns in each month are obtained by plugging the 

coefficients estimated in the previous section in equation (4). Figure 2.7 shows that the 

conditional approach delivers higher portfolio returns in most times than the 

unconditional portfolios. However, the conditional portfolio returns are more volatile and 

leptokurtic than that of the unconditional, suggesting that conditioning on 

macroeconomic state variables may produce portfolios with higher standard deviations 

than the unconditional approach. The underperformance of conditional portfolios in some 

periods suggests that the out-of-sample estimation is fragile and not robust, consistent 

with the findings in Figure 2.3. The huge loss in some periods may dominate the gains for 

risk-averse investors and deter them from solely depending on this investment strategy. 

The underperformance may also suggest that even the full set of macroeconomic state 

variables do not effectively describe the macroeconomy.  

5. Impacts of short-selling constraint and transaction cost 

5.1 Impact of short-selling constraint 
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Miller (1977), Shleifer and Vishny (1997), and Stambaugh, Yu and Yuan (2012) 

argue that short-selling is the main resource of the stock anomalies. Consistently, Ali and 

Trombley (2006), and Lee and Swaminathan (2000) provide evidence that the profits of 

characteristic-based strategies are mainly driven by short-selling activities, which implies 

that the economic value conditioning on macroeconomic state variables may also come 

from short sales
 
.
33

 On the other hand, the U.S. investors, however, are not allowed to 

short stocks unlimitedly in practice, according to the Federal Reserve Board Regulation 

T. Most institutional investors, such as mutual fund or pension fund managers, are not 

allowed to short stocks. As a result, these investors may not able to collect the gains 

conditioning on macroeconomic state variables if the benefits are due to short-sales. 

Furthermore, Brandt, Santa-Clara and Valkanov (2009) also show that the short-sale 

constraints impact the performance of the unconditional portfolio significantly. The 

Sharpe ratio, CAPM alpha and certainty equivalent return are reduced by one-third to one 

half (see Brandt, Santa-Clara and Valkanov, 2009, Table 3). More interestingly, the 

consistent leptokurtic points in Figure 2.5 through 2.7 suggest that the time points of 

extreme losses and gains delivered by conditional portfolios may be related to extreme 

shorting activities. It is interesting to examine whether conditional approaches can lead to 

better asset allocation than the unconditional approach when short-sales are not allowed.  

There are several possible approaches to impose short-sale constraints. To 

simplify the computing task, I first impose short-selling constraints following Brandt, 

                                                           
33

 We abuse the terminology to some extent here. In their papers, they focus on momentum strategy. 

However, there is evidence that momentum premium is related to firm size (see, Hong, Lim and Stein, 

2000; and Lesmond, Schill and Zhou, 2004). 
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Santa-Clara and Valkanov (2009). In this approach, I truncate the optimal portfolio 

weights at zero and rescale them to obtain the portfolio weights under short-sale 

constraint. The parametric weight of a stock in the realized portfolio with short sale 

constraint becomes: 

    
  

            

∑             
  
   

 

However, unlike equation (2), the individual weight is now a non-linear function 

of the stock return predictors and the portfolio is not first-order optimized.
34

  

Table 2.7 reports the conditional and unconditional portfolio performances under 

short-sale constraints over the whole out-of-sample period, and economic expansion and 

recession periods. The magnitudes of the portfolio performance measures under short sale 

constraints are smaller than that without short-sale constraints, consistent with the 

findings by Brandt, Santa-Clara and Valkanov (2009) that short-sales play an important 

role in the profitability of characteristics-based investment strategies. However, the 

positive certainty equivalent returns and alphas suggest that short-selling is not the only 

source of the BSV investment strategy, which is not consistent with Ali and Trombley 

(2006), and Stambaugh, Yu and Yuan (2012). 

More interestingly, Panels A and B in Table 2.7 show that conditioning on 

macroeconomic state variables is not economically significant anymore over the whole 

out-of-sample period and economic expansion periods when short sales are not allowed. 

The conditional portfolios deliver similar certainty equivalent values, Carhart alphas and 
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 It is possible to impose this constraint through the optimization process to obtain first-order optimization. 

However, we find that the numerical process of the conditional approach does not converge with this 

constraint. 



  78 
   

 
 

Sharpe ratios to the unconditional portfolio. The annualized certainty equivalent return 

and Sharpe ratio of the portfolio selected conditioning the full set of macroeconomic state 

variables are 8% and 0.7 under short-sale constraints, which is similar that of the 

unconditional approach, suggesting that risk-averse investors are not deterred from taking 

advantage of return predictability by macroeconomic states but that they are not rewarded 

by doing so. The conditional approach also produces a portfolio with Fama-French and 

Carhart alphas of 2.9% and 1.6%, which are similar to that from the unconditional 

approach. The economic values conditioning on single macroeconomic state variables are 

smaller than that of the base case and similar to the unconditional approach. The findings 

in Panel A suggest that the benefits and risks from conditioning on macroeconomic state 

variables are mostly driven by short sale activities. Given the fact in the last section that 

there is no significant difference in aggregated short position between the conditional and 

the unconditional portfolios, the findings in Panel A Table 2.7 may also suggest that the 

conditional strategies help investors to buy and sell stocks more effectively than the 

unconditional approach on average and mislead them in some points of time.   

Panel B shows that none of the conditional strategies beat the unconditional 

strategy during economic expansion periods as none of them produce portfolios with 

higher certainty equivalent returns, or alphas than the unconditional strategy. The 

certainty equivalent return and Sharpe ratio of the base conditional portfolio are 12% and 

0.8, which are 1% and 0.1 lower than that of the unconditional portfolio. The annualized 

Fama-French and Carhart alphas are 2% and 1 %, which are also slightly lower than that 

of the unconditional portfolio but not statistically significant.  
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However, Panel C shows that the base conditional approach can lead to portfolios 

with higher certainty equivalent returns, alphas and Sharpe ratios than that of the 

unconditional approach while conditioning on single macroeconomic variables does not. 

The annualized certainty equivalent return and Sharpe ratio delivered by the base 

conditional portfolio are -0.08 and 0.27 while that by the unconditional portfolio are -0.11 

and 0.11. The base conditional portfolio provides annualized Fama-French and Carhart 

alphas of 6% and 3%, which are 4% and 2% significantly higher than that of the 

unconditional portfolio. The economic significance of the base conditional approach 

suggests that macroeconomic variables are able to predict the time-varying premiums 

paid by small, value and winner stocks even under short-sale constraints. This economic 

significance supports the finding by Chen, Petkova and Zhang (2008).  Conditioning on 

single state variable, however, fails to produce portfolios with higher certainty equivalent 

returns, Sharpe ratio and alphas than the unconditional approach.  

Overall, Table 2.7 provides evidence that short-sale activities are the main sources 

of high portfolio returns conditioning on macroeconomic state variables in good times. 

Asset allocation conditioning on macroeconomic states is able to profit more than that 

independent of business conditions in bad times. These facts suggest that, for investors 

who are not allowed to short-sell stocks, the stock return predictability of macroeconomic 

state variables may be useful in bad times but not helpful on average.  

The alternative approach to explore the impact of short-sale constraint on return 

predictability of macroeconomic states is to decompose the optimized portfolio into long 

and short legs and compare the long and short legs of conditional portfolio with that of 
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the unconditional portfolio. The main advantage of this comparison is that the results are 

first-order optimized and the disadvantage is that it does not make any sense to 

decompose certainty equivalent return into long and short ones because certainty 

equivalent return is a non-linear function of portfolio returns. The results are reported in 

Table 2.8. Panel A of Table 2.8 shows that the difference in Carhart alpha between the 

unconditional and base conditional long legs is less than 1% per year, consistent with the 

findings in Table 2.7 that the higher Carhart alpha delivered by conditional portfolio is 

not driven by long positions. The Carhart alpha delivered by portfolio selected 

conditioning on any single macroeconomic variable is smaller than that delivered by the 

benchmark portfolio. The lower Sharpe ratios delivered by conditional portfolios suggest 

that risk-averse investors may not be interested in allocating their capital conditioning on 

macroeconomic states. Panel B shows that the short-leg of the base conditional portfolio 

delivers higher Carhart alpha and Sharpe ratio than the counterpart of the unconditional 

portfolio.
35

 The Carhart alpha and Sharpe ratio delivered by portfolios selected 

conditioning on one macro variable are close to that delivered by the benchmark 

portfolio. The results are consistent with that in Table 2.7 that the high average return 

delivered by conditional portfolio is mainly driven by short-selling activities. 

It is also possible to decompose the optimal portfolio into three components based 

on  ̅   
 

  
      : market (the term  ̅  ), long and short (positive and negative  

 

  
       

) legs and compare the mean and alphas delivered by each leg of the conditional portfolio 

                                                           
35

 The Fama-French alpha delivered by the short leg of the base conditional portfolio is higher than that by 

the benchmark portfolio too. The Fama-French alpha is smaller than the Carhart alpha delivered by the base 

conditional short leg because the coefficient on momentum is negative. 
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with that of the unconditional portfolio. Table 2.9 reports the comparison results between 

the unconditional and base conditional portfolios. Table 2.9 also reports the scaled mean 

and alphas for both portfolios. The long leg of the unconditional portfolio is the major 

contributor of portfolio average return and Carhart alpha. It delivers a Carhart alpha of 

20%, exactly the same as that delivered by the whole portfolio. The Carhart alphas 

delivered by the market and short legs are as small as less than 1%. The Carhart alpha 

delivered by 100% investing in long leg is only around 2%, suggesting the large alpha 

delivered by long leg is driven by leverage. The short leg in the conditional portfolio 

behaves differently from the unconditional portfolio while the long leg behaves similarly. 

The short-leg delivers a negative non-scaled Carhart alpha of -15% and the difference in 

Carhart alpha delivered by short leg between the unconditional and conditional portfolios 

are as large as 16%, consistent with the findings that the economic values of conditioning 

on business states is mainly driven by short-selling side. The scaled Carhart alphas and 

means return delivered by long and short legs of the conditional portfolio are similar to 

that of the unconditional portfolio. However, the scale, which is the time series mean of 

aggregated long or short position in the optimal portfolio, of the conditional portfolio is 

around 75% larger than that of the unconditional portfolio. This suggests conditioning on 

macroeconomic variables leads to take large aggregated long and short position to realize 

high portfolio returns, consistent with findings in Table 2.6 and 2.7. 

5.2. Impact of transaction cost 

In section 4, we saw that the turnover ratio of the base conditional portfolio is 

three time as high as that of the benchmark portfolio, evidence that the high alphas 
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delivered by this strategy may be partially explained by high transaction cost. In this 

section, I examine how transaction cost impacts portfolio performance and investors’ 

preference. It is well-known that transaction cost is high for small stocks and low for 

large stocks and decreases over time. Following the approach proposed by Brandt, Santa-

Clara and Valkanov (2009), I assume that one-way transaction cost is determined for 

stock i in month t is determined as:  

                              

The size variable       is normalized between 0 and 1. Under this construction, 

the highest transaction cost is 60 basis points and lowest is 20 basis points in 2010.  Table 

2.10 reports the certainty equivalent returns, alphas and Sharpe ratio delivered by 

conditional and unconditional portfolios after controlling transaction costs. Panel A 

shows the results over the whole out-of-sample period. The Carhart alpha delivered by 

the benchmark portfolio is 7% after transaction cost, 12% below the base case in Table 

2.2.  Similarly, the Carhart alpha delivered by the base conditional portfolio is 15% after 

transaction cost, 20% below the base case in Table 2.2. However, the Carhart alpha 

delivered by the base conditional portfolio is still 8% higher than that by the 

unconditional portfolio. The certainty equivalent return delivered by the base conditional 

portfolio is still as low as -100%. Panels B and C show similar results over economic 

expansion and recession periods. 

6. Implication for portfolio optimization 

In previous sections we see that risk-averse investors can not solely depend on the 

portfolio policy out of the predictability of macroeconomic variables because they may 
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experience huge investment gains and losses. The interesting question now is what 

investment strategy risk-averse investors can make to take advantage of the predictability 

of macroeconomic variables. Kan and Zhou (2007), Garllapi, Uppal and Wang (2007) 

and Tu and Zhou (2011) show that combined rules may outperform single rules. 

Following the same logic, risk-averse investors may take the advantage of this 

predictability by combining conditional portfolio with other portfolios and/or assets to 

avoid large losses by conditional portfolio and obtain the huge gains by this portfolio.  

Table 2.11 illustrates how different combinations of investments in risk-free asset, value-

weighted market portfolio and the base conditional portfolio impact the profile of a risk-

averse investor’s portfolio return and risk.
36

 

Table 2.11 shows that cutting the investment in the base conditional portfolio can 

effective reduce the risk and risk-adjusted return of the over portfolio. When the money 

invested in the conditional portfolio reduced to less than 50%, the certainty equivalent 

return increases to be positive. When a CRRA investor put 10% of his capital in risk-free 

asset, 65% in the market portfolio and 25% in the base conditional portfolio, he/she is 

able to realize a Carhart alpha of 20.6% and a certainty equivalent return of 12.6%, both 

are higher than that delivered by the unconditional portfolio.  

7. Conclusions 

Measuring stock return predictability lies in the heart of empirical research in 

finance. This task is complicated by the persistence of predictive variables and expected 

returns (Stambaugh, 1986, 1999; Ferson, Sarkissian and Simin, 2003; Lewellen, 2004; 

                                                           
36

 The risk-free asset returns are collected from French’s online library. The value weighted market 

portfolio is formed based the sample used in this chapter. 
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and Campbell and Yogo, 2006 etc.). Switching the metric of analysis to asset allocation 

provides an alternative perspective on the materiality of return predictability. The 

traditional mean-variance approach (Kandel and Stambaugh, 1996; Avramov, 2004; and 

Avramov and Chordia, 2006), however, is not free of statistical issues (Roskelley, 2008). 

The alternative algorithm proposed by Brandt Santa-Clara and Valkanov (2009) can 

ideally deal with these issues by obtaining portfolio weights directly from maximizing 

investor’s utility function.  

I use the BSV algorithm and document that cross-sectional asset allocation 

conditioning on macroeconomic state variables are economically significant in terms of 

Fama-French and Carhart alphas. The conditional portfolios provide higher average 

returns and more positive skewness than the unconditional portfolios. Conditioning on 

macroeconomic states does not lead to extreme bets on individual stocks and shorting 

positions on average. Although conditioning on macroeconomic states leads to high 

turnover ratio, the Carhart alpha delivered by investment strategy out of this approach is 

still significantly higher than that by the benchmark portfolio after controlling transaction 

cost. My findings suggest that macroeconomic state variables are able to predict the time 

series variations in cross-sectional stock returns.  

Risk-averse investors cannot make their asset allocation decisions solely relying 

on this predictability because investment strategy out of this approach is subject to 

estimation fragility, which misleads wrong asset allocation and causes huge investment 

losses. Alternative estimation approach or investment opportunity set is not helpful to 

deal with the fragility problem. The fragile estimation wrongly leads investors to short 
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extremely on featured stocks in some months in 1970s, 1980s and 2000s, which causes 

huge losses. When short-selling is not allowed, conditioning on macroeconomic states 

does not improve investors’ outcomes. However, risk-averse investor may take advantage 

of the conditional rule by properly allocating his/her money among conditional portfolio, 

market portfolio and risk-free assets. Proper allocation among the three funds can deliver 

portfolios with high risk-adjusted return and mild volatility. 
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APPENDIX A. THE SINGLE INDEX-MEAN-VARIANCE APPROACH 

 Sharpe (1963) proposes a single-index model to approximate the covariance 

matrix of mean-variance portfolio returns to improve the measurement-error problem. 

The idea is that the variance of each stock and the covariance between any two stocks are 

determined by the CAPM model. To implement this approach, I first run the time-serial 

CAPM regression for each stock using excess returns over the risk free rate: 

                      for                                                                  (A.1) 

where      ,      and      are excess returns over the three month treasury bill rate 

of stock i and market portfolio, and the regression residual in month t;   and    are the 

associated alpha and beta for stock i. 

For the out-of-sample estimation, I run the CAPM regression over the first 10 

years (1964-1973) and collect the beta, market return variance and residual variance for 

the year of 1974. I update the parameters in each subsequent year. I require that each 

stock has at least 90 months of return records out of the very past 10 years. The 

covariance matrix are obtained by 

  
    

   
     

            for diagonal elements  

            
                  for off-diagonal elements.    

where   
  and   

  are the variance of stock i and market portfolio,      the 

covariance between stock i and j,     
  the variance of residuals in equation (A1). 

The optimal weights of each stock without short-sale constraints can be estimated 

using above covariance matrix.  
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For optimal weights without short-selling, let        
 

∑
 ̅    

   
   

 
   

    
 ∑

  
 

   
 

 
   

 where k is 

the number of stocks included in the portfolio, i.e. the stocks with positive weights,    is 

the risk-free rate. Let     
  

   
 [

 ̅    

  
   ]    .   

Elton, Gruber and Padberg (1976) show that the Kuhn-Tuck solution of the 

optimal weight of each stock with short-sale constraints is: 

   
  

∑    
  for     ,      ,and            

Whether a stock should be included in the portfolio can be determined using a 

recursive approach suggested by Elton, Gruber and Padberg. I use a simplified approach 

by calculating    for all stocks whose beta and average returns are positive. If  

  

   
 [

 ̅    

  
   ]   , I set     , otherwise,     . My approach is more conservative 

than that of Elton, Gruber and Padberg as my    is higher than theirs. 
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APPENDIX B. THE NONLINEAR ESTIMATION PROCEDURE 

For a case of C characteristics variables and K macroeconomic variables, then 

equation (2) can be written explicitly as: 
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                       (B.1)            

The second term of the right hand side of equation (1) without the scale term,  
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becomes: 
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Rewrite the optimizing problem with state-dependent parameters by plugging 

(B.1) into a general CRRA utility function: 
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The first and second order derivatives of (B.2) are: 
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To apply the Newton-Raphson method, let       , the utility maximizing 

problem can be solved by minimizing EU and the Newton-Raphson algorithm can be 

applied as: 

        ⌈
    

     
⌉
  

   

  
                                                                                 (B.5) 

By plugging the (B.3) and (B.4) into (B.5), and solve deltas recursively, the 

optimal deltas will be obtained when preferable convergence is reached. 
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APPENDIX C. FIGURES 

 
 
 

 
 
 

 
 

Figure 1.1 Time-serial distribution of stock characteristic  

This figure illustrates the time-serial distribution of characteristics in my sample period from 1964-

2010. The characteristics are not normalized. ‘mom’ is the momentum. ‘btm’ is the book-to-market. ‘me’  

is the market capitalization of equity. The first column is the cross-sectional mean of characteristics and the 

second column is the associated cross-sectional standard deviation. 
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Figure 2.1 Time series of stock characteristics (pre-normalization) 

‘btm’ is the cross-sectional average of book-to-market ratio defined as book value of equity divided by 

market value of equity in current month on the left vertical axis. Book value lags market values at least six 

months. ‘mom’ is the cross-sectional average of momentum defined as cumulative monthly returns 

between t-2 to t-13 on the left vertical axis. ‘me’ is the cross-sectional average of market capitalization of 

equity defined as log of number of shares (in million) outstanding multiplied by stock price on the right 

vertical axis. The shaded areas are economy recession periods. 
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Figure 2.2 Time series of macroeconomic state variables 

 ‘D/P’ is the dividend-price ratio of S&P index. ‘TERM’ is the term spread, defined as the average 

yield difference between government bonds with more than 10 years to maturity and T-bills mature in three 

months. ‘DEF’ is the default spread defined as the average yield rate difference between the BAA corporate 

bonds and the AAA bonds rated by MOODY. ‘INT’ is the one-month T-bill rate. The shaded areas are 

economy recession periods. 
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Figure 2.3 Time-serial thetas of the unconditional and base conditional strategies 

This figure illustrates the time series of out-of-sample thetas related to market capitalization of equity 

(top), book-to-market (middle) and momentum (bottom) for the unconditional strategy and the base 

conditional strategy.  The unconditional thetas are directly computed from the equation:       ̅   

 

  
   ̂  . The conditional thetas are computed as:                            . The shaded areas 

are economy recession periods.                
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      Short-term interest rate                                                                Term spread 

 

 

                         Default spread                                                                        Dividend-price ratio 

Figure 2.4 Time-serial deltas conditioning on single macroeconomic variables 

This graph plots the time series of single macroeconomic variable model coefficients (  ) associated 

with each stock characteristic as             . Coefficients are estimated using an expanding data 

window. The left upper corner graphs correspond to short-term interest rate, upper right to term spread, left 

bottom to dividend-price ratio and right bottom to default spread. The shaded areas are economy recession 

periods. 
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Firgure 2.5 Time series of weighted characteristics 

This graph plots the time series of weighted aggregated characteristics of optimized unconditional and 

base conditional portfolios. The optimized portfolio weight of each stock is obtained with equation (1). The 

shaded areas are economy recession periods. 
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Figure 2.6  Time series of agregated weight on featured stocks 

This graph plots the time series of aggregated weight of the optimized unconditional and base 

conditional portfolios on small, value or winner stocks, and stocks with small cap, high book-to-market and 

positive past returns.  
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Figure 2.7 Time series of the unconditional and base conditional portfolio returns            

This figure plots the time series of returns of portfolios selected using the unconditional and base 

conditional approaches. The shaded areas are economy recession periods.  
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APPENDIX D. TABLES 

Table 1.1. Statistical summaries 

This table reports the summary statistics of the base database in this study. The data is collected from 

the annual COMPUSTAT database and the monthly CRSP database from 1964 to 2010.  Column 1 is the 

maximum number of each variable over the whole sample period. Column 2 (3) is the minimum (mean) of 

each variable. Column 4 is the standard deviation of time series numbers. The monthly market cap of 

equity, book-to-market and momentum are the cross-sectional average of all stocks in the portfolio. The 

market cap of equity of each stock is defined as the log of number of common stock outstanding (million) 

multiplied by the associated stock price. Book to market ratio is defined as log one plus the book value of 

equity divided by its market value. Momentum is the compounded return in the past 12 months between t-2 

and t-13. EW weight is the equally average weight of all stocks in each month. VW weight (max/min) is 

the maximum/minimum weight in each month. 

 

Variable Max Min Mean Standard deviation 

Number of stocks 5949 905 3516 1341 

VW weights(max*100) 8.961 1.399 3.546 1.925 

VW weights(min*100) 0.004 0.000 0.000 0.000 

EW weights (*100) 0.111 0.017 0.036 0.023 

Market cap of equity 7.082 3.480 5.154 0.928 

Book to market 0.989 0.377 0.538 0.128 

Momentum 1.030 -0.477 0.152 0.237 
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Table 1.2.  Replication of the Brandt, Santa-Clara and Valkanov (2009) results 

This table reports the estimated parameters, portfolio performance and stock allocation properties of 

the BSV rule:     
 

 
∑  (  ∑ ( ̅   

 

  
   ̂  )

  
         )

   
   , where  ,     ̂    ̅      are the parameter 

vector, number of stocks, characteristic vector of stock i, market share of stock i and utility in month t. 

       is the monthly return of stock i in month t+1.  Panel A reports the in- and out-of-sample coefficients 

(thetas). The in-sample standard deviations are asymptotic. The out-of-sample parameters are averages of 

annually updated parameters from 1974-2010. The estimated parameters over the first ten years (1964-

1973) data are used as the parameters of year 1974. The out-of-sample standard deviations are the time 

series standard deviation of those parameters. Panel B is the CAPM, Fama-French and Carhart alphas, 

Sharpe ratios and certainty equivalent values in- and out-of-sample. Panel C reports the time-serial 

properties of cross-sectional BSV portfolio weights. Panel D decompose the mean and Carhart alpha 

delivered by the optimal out-of-sample portfolio into three components: market, long and short leg. In 

Panels A and B, *, **, *** are statistical significance at 10%, 5% and 1%, respectively. 

 
Panel A  Market cap of equity Book-to-market Momentum Joint test 

in sample -1.740** (0.677) 4.844*** (0.752) 2.108*** (0.533) 0.000 

out-of-sample -1.863*** (0.238) 6.689*** (0.875) 2.957*** (0.494) 0.000 

Panel B 

 CAPM Fama-French Carhart SR CER 

In sample 0.308*** (0.009) 0.179*** (0.007) 0.128*** (0.007) 1.290 0.361 

Out-of-sample 0.384*** (0.015) 0.248*** (0.011) 0.197*** (0.011) 1.552 0.456 

Panel C  In Sample Out-of-sample 

 Max Min Mean  Std Max Min Mean Std 

| ωi|x100 0.433 0.067 0.142 0.088 0.223 0.102 0.151 0.032 

Max ωix100 10.234 1.619 3.971 2.187 4.391 1.221 2.552 1.003 

Min ωix100 -0.107 -1.037 -0.303 0.197 -0.249 -0.735 -0.438 0.122 

Σ ωiI(ωi<0) -0.001 -1.730 -1.000 0.431 -1.595 -3.364 -2.502 0.382 

ΣI(ωi<0)/Nt 0.558 0.465 0.512 0.016 0.522 0.440 0.479 1.594 

Σ| ωi,t- ωi,t-1| 0.758 0.169 0.301 0.071 3.230 0.356 0.988 0.456 
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Panel D         

 Portfolio Market leg Long leg Short leg 

Mean 0.456 0.120 0.607 0.271 

Un-scaled 

Carhart 

Alpha 

0.197 (0.011) 0.006 (0.002) 0.197 (0.007) 0.006 (0.013) 

Scaled 

Carhart 

Alpha 

- - - - 0.017 (0.002) -0.043 (0.004) 

Scale - - - - 3.008 3.008 
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Table 1.3.  Performance comparison between the BSV and Index-MV portfolios 

This table reports the annualized out-of-sample alphas and Sharpe ratios of the BSV and Index-MV 

portfolios. The first 10 years (1964-1973) are used to obtain the estimates of year 1974. The coefficients are 

updated each year by adding next 12-month observations. The covariance matrix of the Index-MV 

portfolios is obtained by Sharpe's single-index approach. Short-selling are not allowed in the Index-MV 

portfolios. The asymptotic standard deviation of each coefficient is in parenthesis. The “Diff” is the 

performance difference between the BSV and Index-MV portfolios. The magnitude and associated t-stats 

are reported in the first and second columns of each performance evaluation model, respectively. *, **, *** 

are statistical significance at 10%, 5% and 1%, respectively. 

 

 CAPM Alpha Fama-French Alpha Carhart Alpha SR 

Panel A: whole period     

1974-2010 

BSV 0.384*** (0.015) 0.248*** (0.011) 0.197*** (0.011) 1.296 

MV 0.088*** (0.003) 0.011*** (0.003) 0.014*** (0.003) 0.567 

Diff 0.296***  0.237***  0.183***  0.729 

Panel B: 20-year period       

1974-1991 

BSV 0.442*** (0.017) 0.306*** (0.012) 0.239*** (0.012) 1.768 

MV 0.102*** (0.003) 0.015*** (0.002) 0.019*** (0.002) 0.502 

Diff 0.340***  0.291***  0.220***  1.266 

1992-2010 

BSV 0.330*** (0.023) 0.194*** (0.017) 0.151*** (0.018) 0.980 

MV 0.074*** (0.004) 0.014*** (0.002) 0.020*** (0.003) 0.651 

Diff 0.228***  0.180***  0.131***  0.329 

Panel C: 10-year period       

1974-1980 

BSV 0.303*** (0.030) 0.105*** (0.014) 0.100*** (0.015) 1.129 

MV 0.114*** (0.004) 0.013*** (0.003) 0.025*** (0.003) 0.467 

Diff 0.189***  0.092***  0.075**  0.662 

1981-1990 

BSV 0.569*** (0.021) 0.438*** (0.018) 0.341*** (0.015) 2.506 

MV 0.097*** (0.004) 0.023*** (0.002) 0.023*** (0.002) 0.436 
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Diff 0.472***  0.415***  0.318***  2.070 

1991-2000 

BSV 0.427*** (0.031) 0.259*** (0.027) 0.202*** (0.028) 1.310 

MV 0.085*** (0.005) -0.001 (0.004) 0.016*** (0.004) 1.095 

Diff 0.342***  0.260***  0.186***  0.215 

2001-2010 

BSV 0.244*** (0.021) 0.066*** (0.021) 0.050*** (0.021) 0.690 

MV 0.082*** (0.005) 0.018*** (0.003) 0.015*** (0.003) 0.468 

Diff 0.162***  0.048***  0.035***  0.222 
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Table 1.4.  Performance comparison across the business cycle and market states 

This table reports the annualized CAPM, Fama-French and Carhart alphas and Sharpe ratio of the 

BSV, MV and 1/N portfolios over the business conditions and stock market states respectively. This table 

also reports the difference in portfolio performance between the BSV rule and the MV rule or the 1/N rule. 

The expansion and recession periods are defined by National Bureau of Economic Research (NBER). The 

bullish (bearish) markets are defined as the periods among the top (bottom) 30% percentile of market 

returns over the whole out-of-sample period. The associated standard deviations are in parenthesis. *, 

**,*** are statistical significance at 10%, 5% and 1%, respectively.  

 

  CAPM Fama-French Carhart SR # of Obs 

Panel A: Recession periods  

BSV 

alpha 0.163*** 0.102*** 0.061*** 0.415 76 

std (0.038) (0.027) (0.028)  

Adj- R
2
 0.048 0.552 0.560  

MV 

alpha 0.118*** 0.031*** 0.028*** 0.026 76 

std (0.006) (0.005) (0.005)  

Adj- R
2
 0.956 0.970 0.970  

BSV-MV 0.045*** 0.071*** 0.033*** 0.389  

1/N 

alpha 0.085*** 0.015** 0.000 0.092 76 

std (0.012) (0.006) (0.006)  

Adj- R
2
 0.878 0.970 0.972  

BSV-1/N 0.078*** 0.087*** 0.061*** 0.323  

Panel B: Expansion periods  

BSV 

alpha 0.437*** 0.265*** 0.199*** 1.521 367 

std (0.016) (0.012) (0.012)  

Adj- R
2
 0.005 0.454 0.495  

MV 

alpha 0.087*** 0.006*** 0.008*** 0.796 367 

std (0.003) (0.002) (0.002)  
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Adj- R
2
 0.860 0.930 0.930   

BSV-MV 0.350*** 0.259*** 0.191*** 0.725  

1/N 

alpha 0.016*** -0.012*** -0.006** 0.606 367 

std (0.005) (0.003) (0.003)  

Adj- R
2
 0.741 0.929 0.930  

BSV-1/N 0.421*** 0.277*** 0.205*** 0.915  

Panel C: Bearish markets  

BSV 

alpha 0.392*** 0.372*** 0.171*** 1.274 139 

std (0.027) (0.019) (0.017)  

Adj- R
2
 0.044 0.534 0.683  

MV 

alpha 0.058*** 0.0003*** 0.016*** 0.214 139 

std (0.005) (0.004) (0.004)  

Adj- R
2
 0.917 0.946 0.948  

BSV-MV 0.334*** 0.372*** 0.155*** 1.060  

1/N 

alpha -0.076*** -0.056*** -0.034*** -0.100 139 

std (0.008) (0.004) (0.004)  

Adj- R
2
 0.856 0.968 0.971  

BSV-1/N 0.468*** 0.428*** 0.205*** 1.374  

Panel D: Bullish markets  

BSV 

alpha 0.566*** 0.304*** 0.285*** 1.892 139 

std (0.025) (0.022) (0.023)  

Adj- R
2
 -0.005 0.0.399 0.405  

MV 

alpha 0.149*** 0.017*** 0.017*** 1.576 139 

std (0.005) (0.004) (0.004)  

Adj- R
2
 0.778 0.891 0.890  

BSV-MV 0.417*** 0.287*** 0.268*** 0.316  
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1/N 

alpha 0.153*** 0.003 -0.0001 1.706 139 

std (0.008) (0.005) (0.005)  

Adj- R
2
 0.646 0.828 0.921  

BSV-1/N 0.413*** 0.301*** 0.285*** 0.186  
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Table 1.5. Performance comparison between the BSV and 1/N portfolios 

This table reports the annualized out-of-sample alphas and Sharpe ratios of the BSV and 1/N 

portfolios. For the BSV rule, the first 10 years (1964-1973) are used to obtain the estimates of year 1974. 

The coefficients are updated each year by adding next 12-month observations. The asymptotic standard 

deviation of each coefficient is in parenthesis.  The “diff” is the performance difference between the BSV 

and 1/N portfolios. The magnitude and associated t-stats are reported in the first and second columns of 

each performance evaluation model, respectively. *, **,*** are statistical significance at 10%, 5% and 1%, 

respectively. 

 

 CAPM Alpha Fama-French Alpha Carhart Alpha SR 

Panel A: whole period        

1974-2010 

BSV 0.384*** (0.015) 0.248*** (0.011) 0.197*** (0.011) 1.296 

1/N 0.023*** (0.004) -0.010*** (0.002) -0.009*** (0.003) 0.458 

Diff 0.361***  0.258***  0.206***  0.838 

Panel B: 20-year        

1974-1991 

BSV 0.442*** (0.017) 0.306*** (0.012) 0.239*** (0.012) 1.768 

1/N 0.019*** (0.006) -0.017*** (0.002) -0.012*** (0.002) 0.414 

Diff 0.423***  0.323***  0..251***  1.354 

1992-2010 

BSV 0.330*** (0.023) 0.194*** (0.017) 0.151*** (0.018) 0.980 

1/N 0.027*** (0.006) 0.0003 (0.004) -0.003 (0.004) 0.502 

Diff 0.303***  0.194***  0.154***  0.478 

Panel C: 10-year         

1974-1980 

BSV 0.303*** (0.030) 0.105*** (0.014) 0.100*** (0.015) 1.129 

1/N 0.105*** (0.011) 0.009*** (0.003) 0.006** (0.003) 0.702 

Diff 0.198***  0.096***  0.094***  0.427 

1981-1990 

BSV 0.569*** (0.021) 0.438*** (0.018) 0.341*** (0.015) 2.506 

1/N -0.047** (0.006) -0.031*** (0.003) -0.022*** (0.003) 0.075 

Diff 0.616***  0.469***  0.363***  2.431 



  108 
   

 
 

1991-2000 

BSV 0.427*** (0.031) 0.259*** (0.027) 0.202*** (0.028) 1.310 

1/N 0.006 (0.007) -0.016** (0.007) -0.007 (0.007) 0.695 

Diff 0.421***  0.275***  0.209***  0.615 

2001-2010 

BSV 0.244*** (0.021) 0.066*** (0.021) 0.050*** (0.021) 0.690 

1/N 0.067*** (0.007) 0.026*** (0.004) 0.014*** (0.004) 0.437 

Diff 0.177***  0.040***  0.036***  0.253 
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Table 1.6. The BSV rule for alternative utility functions 

 

This table reports the BSV portfolio out-of-sample properties for alternative utilities. The utility 

functions are defined as 

Power utility: 
         

   
,  

Quadratic utility: (    )  
 

 
      

 ,  

Log utility:           ,  

Exponential utility:               .   

The risk aversion level in each utility is set to five except the log utility. The parameters in each utility 

function are obtained by Newton Method with the maximizing function as:     
 

 
∑  (     

   

∑ ( ̅   
 

  
   ̂  )

  
         ) , where  ,     ̂    ̅      are the parameter vector, number of stocks in month t, 

characteristic vector of stock i in month t, market share of stock i in month t and utility function.        is 

the monthly return of stock i in month t+1. The portfolio weight is obtained by:       ̅   
 

  
   ̂    

Panel A reports the time serial means and standard deviations (in parenthesis) of out-of-sample parameters 

over 1974-2010. The estimated parameters over the first ten years (1964-1973) data are used as the 

parameters of year 1974.  Panel B reports the time series means of weight properties for each portfolio. 

Panel C reports the corresponding annualized alphas and Sharpe ratio of optimal portfolio returns. The 

associated standard deviation is in parenthesis. In Panels A and C, *, **, *** are statistical significance at 

10%, 5% and 1%, respectively. 

 

 Power  Quadratic Log Exponential  

Panel A:  Parameter   

Market Cap of 

Equity 

-1.863*** 

(0.238) 

-1.447*** 

(0.137) 

-8.668*** 

(3.008) 

-1.883*** 

 

(0.243) 

Book-to-Market 6.689*** 

(0.875) 

4.059*** 

 

(0.427) 

28.356*** 

(7.351) 

6.795*** 

 

(0.864) 

Momentum 2.957*** 

(0.494) 

2.016*** 

 

(0.414) 

18.161*** 

(5.861) 

3.192*** 

 

(0.542) 

Panel B: Weight distribution  

|ωi|x100 0.151 0.097 0.668 0.155 
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Min ωix100 -0.438 -0.265 -2.115 -0.452 

Max ωix100 2.552 2.531 7.625 2.563 

Σ ωiI(ωi<0) -2.502 -1.439 -12.980 -2.567 

ΣI(ωi<0)/Nt 0.479 0.457 0.515 0.479 

Σ| ωi,t- ωi,t-1| 0.988 0.658 5.669 1.049 

Panel C: Performance  

Sharpe Ratio 1.296 

 

1.189 1.074 1.290 

CAPM alpha 

 

Std 

 

Adj- R
2
 

0.384*** 

 

(0.015) 

 

[0.020] 

 

0.230*** 

 

(0.010) 

 

[0.163] 

1.744*** 

 

(0.071) 

 

[0.035] 

0.395*** 

 

(0.015) 

 

[0.016] 

Fama-French alpha 

 

Std 

 

Adj- R
2
 

0.248*** 

 

(0.011) 

 

[0.473] 

 

0.143*** 

 

(0.007) 

 

[0.519] 

1.263*** 

 

(0.063) 

 

[0.264] 

0.259*** 

 

(0.012) 

 

[0.442] 

Carhart  alpha 

 

Std 

 

Adj- R
2
 

0.197*** 

 

(0.011) 

 

[0.501] 

0.109*** 

 

(0.008) 

 

[0.542] 

0.868*** 

 

(0.062) 

 

[0.335] 

0.202*** 

 

(0.012) 

 

[0.475] 
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Table 1.7. The BSV rule with access to risk-free asset 

This table reports the estimated parameters (in- and out-of-sample) and portfolio performance of the 

BSV rule for investors who invest in both risky stocks and risk-free asset as:        
 

   
(   ∑ ( ̅     

   

 

  
   ̂  )                  )

   
 where  ,      ̂    ̅      are the parameter vector, number of stocks, 

characteristic vector of stock i, market share of stock i and utility in month t.        is the monthly return of 

stock i in month t+1.    is the fraction invested in risky assets and        is the riskless asset return.  

The parameters are obtained by Newton Method. The portfolio weight is obtained by:       ̅   

 

  
   ̂  . The one-month T-bill rate is used as the proxy for risk-free asset returns. Panel A reports the 

estimated parameters and the associated standard deviations (in parentheses). Panel B reports the out-

of-sample annualized alphas and Sharpe ratios. *, **, *** indicate statistical significance at 10%, 5% and 

1%, respectively. 

Panel B: Portfolio performance 

 CAPM Alpha Fama-French Alpha Carhart Alpha Sharpe 

Ratio 

1974-2010 0.377*** (0.015) 0.241*** (0.011) 0.193*** (0.011) 1.260 

1974-1991 0.431*** (0.017) 0.303*** (0.013) 0.225*** (0.012) 1.753 

1992-2010 0.325*** (0.024) 0.187*** (0.018) 0.152*** (0.018) 0.961 

1974-1980 0.320*** (0.030) 0.109*** (0.015) 0.078*** (0.015) 1.208 

1981-1990 0.531*** (0.021) 0.414*** (0.019) 0.307*** (0.015) 2.362 

1991-2000 0.430*** (0.031) 0.252*** (0.027) 0.202*** (0.028) 1.312 

2001-2010 0.233*** (0.033) 0.055*** (0.021) 0.046*** (0.022) 0.653 

 

  

Panel A: Parameter estimation 

 Market Cap of 

Equity 

Book-to-Market Momentum rho 

In-sample -2.099** (0.940) 5.510*** (1.341) 2.409*** (0.774) 0.852*** (0.212) 

Out-of-sample -2.482* (1.261) 7.870*** (2.708) 3.607** (1.467) 0.926*** (0.281) 
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Table 1.8.  Robustness check:  alternative asset sets 

This table illustrates the robustness of the BSV rule to investment set.  60% means that the 60% of 

smallest qualified firms are excluded from the final dataset, and 0% is the dataset without excluding any 

qualified firms.  The following is the BSV model and the parameters are obtained by Newton Method: 

    
 

 
∑  (  ∑ ( ̅   

 

  
   ̂  )

  
         )

   
    , where  ,     ̂    ̅      are the parameter vector, number 

of stocks, characteristic vector of stock i, market share of stock i in month t and utility in month t.         is 

the monthly return of stock i in month t+1. Then the portfolio weight is obtained by:       ̅   
 

  
   ̂   

Panel A reports the out-of-sample parameters. The associated asymptotic standard deviations are in 

parenthesis. Panel B reports time-serial means of cross-sectional weights of each dataset. Panel C is the 

annualized Sharpe ratio and alphas of portfolio returns across datasets. The associated standard deviations 

are in parenthesis. *, **, *** indicate statistical significance at 10%, 5% and 1%, respectively. 

 

 

cutoff 60% 40% 20% 10% 0% 

 

Panel A: parameter estimation 

 

  

Market Cap of 

Equity 

-1.496*** 1.756*** -1.863*** -1.962*** -1.964*** 

(0.352) (0.255) (0.238) (0.298) (0.437) 

Book-to-Market 5.024*** 5.778*** 6.689*** 7.002*** 7.530*** 

(0.1.033) (0.981) (0.875) (0.845) (0.558) 

Momentum 2.937*** 3.129*** 2.957*** 2.937*** 2.754*** 

(0.649) (0.562) (0.497) (0.445) (0.407) 

Panel B: optimal weights 

 

| ωi|x100 0.267 0.179 0.151 0.141 0.133 

Min ωix100 -0.832 -0.548 -0.438 -0.397 -0.361 

Max  ωix 100 2.583 2.548 2.552 2.571 2.661 

Σ ωiI(ωi<0) -2.142 -2.165 -2.502 -2.636 -2.802 

ΣI(ωi<0)/Nt 0.460 0.466 0.440 0.486 0.500 

Σ| ωi,t- ωi,t-1| 1.018 1.006 0.988 0.996 0.983 
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Panel C: performance evaluation 

 

     

Sharpe Ratio 1.059 

 

1.222 1.552 1.326 1.487 

CAPM alpha 

 

Std 

 

Adj- R
2
 

0.259*** 

 

(0.012) 

 

[0.071] 

 

0.337*** 

 

(0.014) 

 

[0.042] 

0.384*** 

 

(0.015) 

 

[0.020] 

0.402*** 

 

(0.015) 

 

[0.008] 

0.487*** 

 

(0.016) 

 

[-0.002] 

Fama-French alpha 

 

Std 

 

Adj- R
2
 

0.160*** 

 

(0.010) 

 

[0.414] 

 

0.219*** 

 

(0.011) 

 

[0.430] 

0.248*** 

 

(0.011) 

 

[0.473] 

0.264*** 

 

(0.011) 

 

[0.469] 

0.347*** 

 

(0.012) 

 

[0.402] 

Carhart alpha 

 

Std 

 

Adj- R
2
 

0.106*** 

 

(0.010) 

 

[0.456] 

0.163*** 

 

(0.011) 

 

[0.467] 

0.197*** 

 

(0.011) 

 

[0.501] 

0.220*** 

 

(0.011) 

 

[0.490] 

0.289*** 

 

(0.013) 

 

[0.433] 
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Table 1.9 Robustness check: alternative evaluation models 

This table reports the annualized alphas of the BSV portfolio from the following four- and five-factor 

models, in which the liquidity factor is included: 

                                                                                      

                                                                        

 The liquidity factor is defined by Pastor and Stambaugh (2003) and collected from Lubos Pastor’s 

website. The associated standard deviations are in parenthesis.*, **,*** indicate statistical significance at 

10%, 5% and 1%, respectively. 

 

 4-factor with liquidity 5-factor with liquidity 

 alpha std Adj-R
2
 alpha std Adj-R

2
 

1974-2010 0.248*** (0.011) 0.472 0.197*** (0.011) 0.501 

1974-1991 0.309*** (0.012) 0.550 0.243*** (0.012) 0.621 

1992-2010 0.194*** (0.017) 0.447 0.151*** (0.018) 0.459 

1974-1980 0.107*** (0.015) 0.822 0.103*** (0.015) 0.820 

1981-1990 0.429*** (0.018) 0.338 0.341*** (0.015) 0.540 

1991-2000 0.256*** (0.026) 0.295 0.208*** (0.028) 0.301 

2001-2010 0.066*** (0.021) 0.633 0.050*** (0.021) 0.633 
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Table 1.10 Effectiveness analyses comparison 

This table reports the list of empirical analyses in the study and in Brandt, Santa-Clara and 

Valkanov (2009). 

Item Brandt etc. This Study 

Sample period 1964-2002 1964-2010 

Performance comparison   

With MV rule Not Compared 

With 1/N rule Not* Compared 

Robustness    

Sample size Smallest stock 

exclusion: 20% 

Smallest stock exclusion:                

0%,10%,20%,40% and 60% 

Sample period  Whole out-of-

sample period: 

1974-2002 

Whole out-of-sample period: 1974-2010     

Subsample periods:                                            

Two sub-periods: 1974-1991; 1992-2010       

Decades: 1974-1980; 1981-1990;1991-2000;2001-

2010 

Utility functions Not Log, exponential, quadratic 

Investment opportunities All stocks Stocks; risk-free assets; corporate bonds; real 

estate 

Transaction cost Checked Not 

Short-selling constraint Checked Not 

Conditional coefficients Checked Not in this chapter but in chapter 2 

Risk-aversion Checked Not 

Market conditions Not Checked 

Business cycle Not  Checked 

 

*    Brandt, Santa-Clara and Valkanov (2009) analyze the difference in weights, turnover ratio, average 

return, standard deviation and Sharpe ratio between 1/N and BSV portfolios, but they do not report the 

CAPM, Fama French and Carhart alphas delivered by 1/N rule.  
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Table 2.1. Point estimation of coefficients 

This table reports coefficients in                       for year 2010.  The coefficients are 

estimated by the Newton-Raphson numerical methods. The observations over 1964-2009 are used to obtain 

the estimates. The associated asymptotic standard deviations are reported in Models 1-4 condition on single 

state variable. Model 5 conditions on four macroeconomics state variables. “size”, ”B/M” and “mom” are 

market value of equity, book-to-market ratio, and momentum. *, **, *** indicate statistical significance at 

10%, 5% and 1%, respectively. 

  Intercept Short term 

interest rate 

Term Spread Default 

Spread 

Dividend/Price 

Model1 

Size -2.871*** 1.974***    

(0.039) (0.049)    

B/M 5.218*** 1.576***    

(0.049) (0.052)    

MOM 2.686*** 1.401***    

(0.038) (0.053)    

Model2 

Size -2.856***  -1.247***   

(0.040)  (0.049)   

B/M 6.814***  1.653***   

(0.049)  (0.040)   

MOM 3.943***  1.452***   

(0.041)  (0.038)   

Model3 

Size -2.636***   -1.066***  

(0.038)   (0.039)  

B/M 5.742***   0.595***  

(0.042)   (0.041)  

MOM 3.248***   0.674***  

(0.035)   (0.037)  

Model4 Size -2.074***    0.193*** 
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(0.037)    (0.043) 

B/M 6.246***    1.006*** 

(0.035)    (0.033) 

MOM 3.165***    0.503*** 

(0.033)    (0.028) 

Model5 

Size -3.955*** 0.046 0.649*** -3.599*** 3.820*** 

(0.046) (0.047) (0.055) (0.068) (0.082) 

B/M 5.181*** 0.527*** 1.610*** -3.012*** 2.725*** 

(0.056) (0.066) (0.065) (0.075) (0.100) 

MOM 4.411*** 0.430*** 0.663*** -0.167*** 0.035 

(0.046) (0.047) (0.053) (0.061) (0.082) 

 

  



  118 
   

 
 

Table 2.2. Portfolio performance 

This table reports the performance of the conditional and unconditional portfolios over the whole 

sample, and economic expansion and recession periods. The expansion and recession periods are defined 

by NBER. The first row is the performance of unconditional policy. Models 1-5 are defined in table II. 

CER (certainty equivalent return) is derived from the expected utility. The CAPM, Fama-French and 

Carhart alpha are reported in column 2, 5 and 8 respectively. The associated standard deviations are in 

parentheses. The Sharpe ratios of portfolio returns are in column 11. The row “Diff” is the performance 

difference between each conditional portfolio and the unconditional portfolio. *, **, *** indicate statistical 

significance at 10%, 5% and 1%, respectively. 

 CER CAPM Fama-French Carhart Sharpe 

Ratio 

Panel A. whole period      

Uncond 0.114 0.384*** (0.015) 0.248*** (0.011) 0.197*** (0.011) 1.297 

Model1 0.140 0.361 *** (0.015) 0.241*** (0.012) 0.176*** (0.012) 1.223 

Diff 0.026 -0.023***  -0.007***  -0.021***  -0.074 

Model2 0.058 0.403*** (0.016) 0.260*** (0.014) 0.196*** (0.014) 1.183 

Diff -0.056 0.019***  0.012***  -0.001  -0.114 

Model3 -0.180 0.409*** (0.017) 0.319*** (0.016) 0.250*** (0.017) 1.168 

Diff -0.294 0.025***  0.071***  0.053***  -0.129 

Model4 -0.459 0.381*** (0.019) 0.230*** (0.016) 0.158*** (0.016) 1.036 

Diff -0.573 -0.003**  -0.018***  -0.039***  -0.261 

Model5 -1.000 0.630*** (0.040) 0.499*** (0.039) 0.348*** (0.040) 0.776 

Diff -0.886 0.246***  0.251***  0.151***  -0.521 

Panel B Expansion     

Uncond 0.170 0.437*** (0.016) 0.265*** (0.012) 0.199*** (0.012) 1.521 

Model1 0.172 0.372*** (0.016) 0.235*** (0.013) 0.166*** (0.014) 1.346 

Diff 0.002 -0.065***  -0.030***  -0.033***  -0.175 

Model2 0.148 0.446*** (0.018) 0.277** (0.015) 0.210** (0.015) 1.389 
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Diff -0.022 0.074***  0.012***  0.011***  -0.132 

Model3 -0.151 0.470*** (0.019) 0.333*** (0.017) 0.220*** (0.017) 1.388 

Diff -0.321 0.033***  0.068***  0.021***  -0.133 

Model4 -0.469 0.467*** (0.019) 0.306*** (0.016) 0.217*** (0.016) 1.392 

Diff -0.639 0.030***  0.041***  0.018***  -0.129 

Model5 -1.000 0.590*** (0.035) 0.473*** (0.035) 0.275*** (0.035) 0.870 

Diff -0.830 0.153***  0.208***  0.076***  -0.651 

Panel C Recession     

Uncond -0.138 0.163*** (0.038) 0.102*** (0.027) 0.061*** (0.028) 0.415 

Model1 -0.006 0.368*** (0.043) 0.274*** (0.033) 0.192*** (0.033) 0.838 

Diff 0.132 0.205***  0.172***  0.131***  0.423 

Model2 -0.334  0.229** (0.050) 0.139*** (0.038) 0.063*** (0.039) 0.484 

Diff -0.196 0.066***  0.037***  0.002  0.069 

Model3 -0.316  0.160*** (0.047) 0.111*** (0.048) 0.055 (0.050) 0.321 

Diff -0.178 -0.003  0.009  -0.006  -0.094 

Model4 -0.411  0.079** (0.060) -0.110 (0.046) -0.196*** (0.047) 0.063 

Diff -0.273 -0.084***  -0.212***  -0.257***  -0.352 

Model5 -1.000 0.998*** (0.157) 0.608*** (0.149) 0.445*** (0.155) 0.700 

Diff -1.000 0.837***  0.506***  0.384***  0.285 
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Table 2.3. Robustness check: rolling estimation approach 

This table reports the performance of the conditional and unconditional portfolios selected using 

rolling estimation approach over the whole sample, and economic expansion and recession periods. The 

expansion and recession periods are defined by NBER. The first row is the performance of state-

independent policy. Models 1-5 are defined in table II. CER (Certainty equivalent return) is derived from 

expected utility. The CAPM, Fama-French and Carhart alpha are reported in column 2, 5 and 8 

respectively. The associated standard deviations are in parentheses. The Sharpe ratios of portfolio returns 

are in column 11. The row “Diff” is the performance difference between each conditional portfolio and the 

unconditional portfolio. *, **, *** indicate statistical significance at 10%, 5% and 1%, respectively. 

 CER CAPM Fama-French CARHART Sharpe 

Ratio 

Panel A. whole period   
   

Uncond -0.270 0.460*** (0.018) 0.334*** (0.016) 0.241*** (0.016) 1.255 

Model1 -1.000 0.412*** (0.025) 0.276*** (0.024) 0.120*** (0.024) 0.790 

Diff -0.730 -0.048***  -0.058***  -0.121***  -0.465 

Model2 -1.000 0.520*** (0.025) 0.420*** (0.024) 0.269*** (0.024) 1.040 

Diff -0.730 0.060***  0.086***  0.028***  -0.215 

Model3 -1.000 0.497*** (0.028) 0.446*** (0.028) 0.368*** (0.029) 0.912 

Diff -0.730 0.037***  0.112***  0.127***  -0.343 

Model4 -0.816 0.592*** (0.027) 0.463*** (0.026) 0.327*** (0.026) 1.079 

Diff -0.546 0.132***  0.129***  0.086***  -0.176 

Model5 -1.000 1.220*** (0.068) 1.133*** (0.069) 0.926*** (0.066) 0.813 

Diff -0.730 0.760***  0.799***  0.685***  -0.442 

Panel B Expansion     

Uncond -0.320 0.507*** (0.021) 0.357*** (0.019) 0.240*** (0.019) 1.365 

Model1 -0.057 0.471*** (0.024) 0.332*** (0.023) 0.190*** (0.023) 1.067 

Diff 0.263 -0.036***  -0.025***  -0.060***  -0.298 

Model2 -1.000 0.534*** (0.026) 0.445*** (0.025) 0.197*** (0.025) 1.181 
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Diff -0.680 0.027***  0.088***  -0.043***  -0.184 

Model3 -0.552 0.514*** (0.027) 0.424*** (0.027) 0.226*** (0.026) 1.113 

Diff -0.232 0.007***  0.067***  -0.014***  -0.252 

Model4 -0.921 0.654*** (0.030) 0.521*** (0.029) 0.361*** (0.029) 1.202 

Diff -0.601 0.147***  0.164***  0.121***  -0.163 

Model5 -1.000 1.091*** (0.064) 0.997*** (0.065) 0.695*** (0.066) 1.091 

Diff -1.000 0.584***  0.640***  0.455***  -0.274 

Panel C Recession     

Uncond -0.012 0.260*** (0.039) 0.197*** (0.029) 0.130*** (0.028) 0.691 

Model1 -1.000 0.105*** (0.094) 0.072*** (0.086) -0.136*** (0.087) 0.126 

Diff -0.988 -0.155***  -0.125***  -0.266***  -0.565 

Model2 -0.690 0.336*** (0.073) 0.281*** (0.066) 0.133** (0.067) 0.535 

Diff -0.678 0.076***  0.084***  0.003  -0.156 

Model3 -1.000 0.302** (0.094) 0.206** (0.096) 0.364*** (0.100) 0.368 

Diff -1.000 0.062***  0.009  -0.234***  -0.323 

Model4 -0.225 0.352*** (0.068) 0.192*** (0.063) 0.040 (0.063) 0.536 

Diff -0.237 0.092***  -0.005  -0.090***  -0.155 

Model5 -1.000 1.617*** (0.254) 1.372*** (0.261) 1.334 *** (0.274) 0.763 

Diff -1.000 1.357***  1.175***  1.204***  0.072 
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Table 2.4.  Robustness check: data screening criteria 

This table reports the performances of the conditional and unconditional portfolios across alternative 

data screening criteria of the smallest qualified stocks. The first row is the performance of the unconditional 

portfolio. Models 1-5 are defined in table II. CER (Certainty equivalent return) is derived from expected 

utility. The CAPM, Fama-French and Carhart alpha are reported in column 2, 5 and 8 respectively. The 

associated standard deviations are in parentheses. The Sharpe ratios of portfolio returns are in column 11. 

The row “Diff” is the performance difference between each conditional portfolio and the unconditional 

portfolio. The associated t-stats are in parentheses. *, **, *** indicate statistical significance at 10%, 5% 

and 1%, respectively. 

 CER CAPM Fama-French Carhart Sharpe 

Ratio 

Panel A. 0% exclusion  

   

Uncond 0.285 0.486*** (0.016) 0.347*** (0.012) 0.287*** (0.012) 1.500 

Model1 0.204 0.475*** (0.017) 0.356*** (0.015) 0.264*** (0.015) 1.361 

Diff -0.081 -0.011***  0.009***  -0.023***  -0.139 

Model2 0.239 0.521*** (0.018) 0.374*** (0.015) 0.308*** (0.015) 1.396 

Diff -0.046 0.037***  0.027***  0.021***  -0.104 

Model3 0.145 0.517*** (0.018) 0.445*** (0.017) 0.392*** (0.018) 1.352 

Diff -0.140 0.031***  0.098***  0.105***  0.148 

Model4 0.106 0.533*** (0.019) 0.385*** (0.016) 0.326*** (0.016) 1.371 

Diff -0.179 0.047***  0.038***  0.039***  0.129 

Model5 -1.000 0.786*** (0.040) 0.655*** (0.039) 0.489*** (0.040) 0.941 

Diff -1.000 0.300***  0.308***  0.202***  -0.559 

Panel B  10% exclusion    

Uncond 0.162 0.403*** (0.014) 0.262*** (0.011) 0.217*** (0.011) 1.332 

Model1 0.145 0.374*** (0.015) 0.256*** (0.013) 0.192*** (0.013) 1.216 

Diff -0.017 -0.029***  -0.006***  -0.025***  -0.116 
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Model2 0.117 0.420*** (0.017) 0.273*** (0.013) 0.217*** (0.014) 1.217 

Diff -0.045 0.017***  0.011***  0.000  -0.115 

Model3 -0.115 0.429*** (0.018) 0.350*** (0.017) 0.297*** (0.018) 1.162 

Diff -0.277 0.026***  0.088***  0.080***  -0.017 

Model4 -0.223 0.404*** (0.017) 0.256*** (0.015) 0.206*** (0.015) 1.134 

Diff -0.385 0.001  -0.006***  -0.011**  -0.198 

Model5 -1.000 0.669*** (0.039) 0.563*** (0.039) 0.424*** (0.040) 0.833 

Diff -1.000 0.266***  0.301***  0.207***  -0.499 

Panel C 40% 
   

Uncond -0.140 0.340*** (0.013) 0.218*** (0.011) 0.165*** (0.011) 1.231 

Model1 0.019 0.319*** (0.014) 0.207*** (0.012) 0.164*** (0.018) 1.158 

Diff 0.159 -0.021***  -0.009***  -0.001  -0.073 

Model2 -0.079 0.388*** (0.017) 0.258*** (0.015) 0.180*** (0.015) 1.127 

Diff 0.061 0.048***  0.040***  0.015***  -0.114 

Model3 -0.693 0.343*** (0.016) 0.250*** (0.015) 0.186*** (0.015) 1.099 

Diff -0.553 0..003***  0.032***  0.021***  -0.132 

Model4 -1.000 0.306*** (0.018) 0.176*** (0.016) 0.105*** (0.016) 0.894 

Diff -1.000 -0.034***  -0.042***  -0.060***  -0.337 

Model5 -1.000 0.588*** (0.041) 0.424*** (0.040) 0.262*** (0.041) 0.724 

Diff -1.000 0.248***  0.206***  0.097***  -0.507 

Panel C 60% 
   

Uncond -0.196 0.260*** (0.012) 0.160*** (0.010) 0.105*** (0.010) 1.063 

Model1 -0.086 0.254*** (0.013) 0.166*** (0.012) 0.128*** (0.012) 0.981 

Diff 0.110 -0.006***  0.006***  0.023***  -0.082 

Model2 -0.196 0.329*** (0.017) 0.209*** (0.015) 0.117*** (0.015) 0.970 
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Diff 0.000 0.069***  0.049***  0.012***  -0.093 

Model3 -0.445 0.253*** (0.014) 0.179*** (0.013) 0.122*** (0.013) 0.955 

Diff -0.249 -0.007***  0.019***  0.007***  -0.108 

Model4 -1.000 0.213*** (0.016) 0.112*** (0.015) 0.049*** (0.015) 0.723 

Diff -1.000 -0.047***  -0.048***  -0.056***  -0.340 

Model5 -1.000 0.496*** (0.048) 0.328*** (0.047) 0.118*** (0.048) 0.553 

Diff -1.000 0.236***  0.168***  0.013***  -0.051 
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Table 2.5.  Portfolio weight properties 

This table illustrates the weight distributions of the conditional and unconditional portfolio over the 

whole sample, and economic expansion and recession periods. The expansion and recession periods are 

defined by NBER. The first column is the weight of the state-independent strategy. Column 2-7 are the 

weight of the state-dependent strategies. The definition of each model is in table II.  The numbers reported 

are time series means out-of-sample. In each panel, the first row is the cross-sectional average absolute 

value of monthly stock weights; the second and third rows are the monthly maximum and minimum 

weights; the fourth row is the monthly aggregated short-selling positions and the fifth row is the fraction of 

short-sold stocks; the last row is the portfolio turnover. 

Period Weight Uncond Model1 Model2 Model3 Model4 Model5 

Whole 

periods 

| ωi|x100 0.151 0.146 0.159 0.164 0.148 0.287 

Max ωix100 2.552 2.583 2.658 2.632 2.742 3.395 

Min ωix100 -0.438 -0.442 -0.464 -0.518 -0.421 -1.151 

Σ ωiI(ωi<0) -2.502 -2.390 -2.667 -2.762 -2.554 -4.771 

ΣI(ωi<0)/Nt 0.479 0.470 0.484 0.481 0.475 0.480 

Σ| ωi,t- ωi,t-1| 0.988 0.964 1.254 0.961 1.032 3.182 

Booming | ωi|x100 0.149 0.142 0.155 0.160 0.153 0.261 

Max ωix100 2.612 2.532 2.642 2.650 2.754 3.371 

Min ωix100 -0.432 -0.418 -0.456 -0.498 -0.420 -0.911 

Σ ωiI(ωi<0) -2.515 -2.398 -2.673 -2.785 -2.715 -4.623 

ΣI(ωi<0)/Nt 0.481 0.472 0.486 0.483 0.480 0.481 

Σ| ωi,t- ωi,t-1| 0.975 0.890 1.204 1.195 1.019 2.511 

Recession | ωi|x100 0.162 0.162 0.180 0.181 0.124 0.358 

Max ωix100 2.705 2.832 2.738 2.546 2.680 3.514 

Min ωix100 -0.452 -0.562 -0.503 -0.619 -0.429 -2.332 

Σ ωiI(ωi<0) -2.368 -2.353 -2.696 -2.648 -1.767 -5.495 

ΣI(ωi<0)/Nt 0.469 0.460 0.475 0.470 0.454 0.472 

Σ| ωi,t- ωi,t-1| 0.913 1.330 1.458 1.815 1.093 6.283 
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Table 2.6  Moments of the conditional portfolio returns 

This table contains the time series average of moments of the conditional and unconditional portfolio 

returns out-of--sample over the whole sample, and expansion and recession periods. The expansion and 

recession periods are defined by NBER. The first column is the moments of the unconditional portfolio 

returns. Column 2-7 are moments of conditional portfolio returns. Conditional strategies are defined in 

table II. The first to fourth moments are calculated and reported. The first and second moments are 

annualized. 

Period Moment Uncond Model1 Model2 Model3 Model4 Model5 

Whole 

periods 

Ret 0.456 0.441 0.473 0.487 0.469 0.698 

Std 0.310 0.316 0.354 0.370 0.401 0.829 

Skewness -0.497 -0.062 -0.295 -0.416 1.153 2.067 

Kurtosis 4.584 3.684 3.808 5.064 21.506 28.954 

Expansion Ret 0.508 0.450 0.514 0.546 0.546 0.632 

Std 0.299 0.295 0.332 0.356 0.355 0.666 

Skewness -0.473 -0.281 -0.132 -0.417 -1.087 -0.536 

Kurtosis 5.936 4.373 4.672 6.810 8.608 13.817 

Recession Ret 0.207 0.401 0.275 0.199 0.098 1.106 

std 0.347 0.403 0.439 0.424 0.562 1.363 

Skewness -0.436 0.401 -0.459 -0.248 4.160 2.893 

Kurtosis 0.820 1.656 1.322 0.662 26.603 17.311 
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Table 2.7. Impacts of short-selling constraint: truncation approach 

This table reports the portfolio performances of the conditional and unconditional portfolio returns 

out-of-sample over the whole sample, and economic expansion and recession periods when sort-sale is not 

allowed. The expansion and recession periods are defined by NBER. The first row is the performance of 

the unconditional portfolios. Models 1-5 are conditional portfolios and defined in table II. CER (Certainty 

equivalent return) is derived from expected utility. The CAPM, Fama-French and Carhart alpha are 

reported in column 2, 5, and 8 respectively. The associated standard deviations are in parentheses. The 

Sharpe ratios of portfolio returns of each model are in column 11. The row “Diff” is performance 

difference between each state-dependent portfolio and the state-independent portfolio. *, **, *** indicate 

statistical significance at 10%, 5% and 1%, respectively. 

Model CER CAPM Alpha Fama-French Alpha Carhart Alpha Sharpe 

Ratio 

Panel A Whole period       

Uncond 0.087 0.071*** (0.005) 0.022*** (0.002) 0.016*** (0.002) 0.702 

Model1 0.087 0.069*** (0.004) 0.026*** (0.002) 0.015*** (0.002) 0.697 

Diff 0.000 -0.002***  0.004***  -0.001***  -0.005 

Model2 0.084 0.069*** (0.004) 0.024*** (0.002) 0.016*** (0.002) 0.694 

Diff -0.003 -0.002***  0.002***  0.000  -0.008 

Model3 0.085 0.071*** (0.004) 0.031*** (0.002) 0.021*** (0.002) 0.702 

Diff -0.002 0.000  0.009***  0.005***  0.000 

Model4 0.079 0.066*** (0.005) 0.020*** (0.002) 0.006*** (0.002) 0.661 

Diff -0.008 -0.005***  -0.002***  -0.010***  -0.041 

Model5 0.083 0.066*** (0.005) 0.029*** (0.003) 0.016*** (0.003) 0.671 

Diff -0.004 -0.005***  0.007***  0.000  -0.031 

Panel B Expansion      

Uncond 0.130 0.074** (0.005) 0.024*** (0.002) 0.019*** (0.002) 0.937 

Model1 0.129 0.069*** (0.005) 0.028*** (0.002) 0.018*** (0.002) 0.922 

Diff -0.001 -0.005***  0.004***  -0.001***  -0.015 
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Model2 0.126 0.070*** (0.005) 0.025*** (0.002) 0.018*** (0.002) 0.917 

Diff -0.004 -0.004***  0.001***  -0.001***  -0.020 

Model3 0.130 0.073*** (0.005) 0.032*** (0.002) 0.019*** (0.002) 0.936 

Diff 0.000 -0.001***  0.008***  0.000  -0.001 

Model4 0.126 0.070*** (0.005) 0.028*** (0.002) 0.017*** (0.002) 0.913 

Diff -0.004 -0.004***  0.004***  -0.002***  -0.024 

Model5 0.117 0.057*** (0.005) 0.021*** (0.003) 0.009*** (0.003) 0.845 

Diff -0.013 -0.017***  -0.003***  -0.010***  -0.092 

Panel C  Recession      

Uncond -0.114 0.083** (0.013) 0.016*** (0.005) -0.001 (0.005) 0.107 

Model1 -0.107 0.095*** (0.012) 0.031*** (0.006) 0.009*** (0.006) 0.148 

Diff 0.007 0.012***  0.015***  0.010***  0.041 

Model2 -0.110 0.088*** (0.012) 0.022*** (0.006) 0.003 (0.005) 0.126 

Diff 0.004 0.005**  0.006***  0.004***  0.019 

Model3 -0.124 0.083*** (0.013) 0.017*** (0.007) 0.001 (0.008) 0.106 

Diff -0.010 0.000  0.001  0.002**  -0.001 

Model4 -0.139 0.081*** (0.017) -0.005 (0.009) -0.034** (0.009) 0.084 

Diff -0.020 -0.002  -0.021***  -0.033***  -0.023 

Model5 -0.075 0.134*** (0.015) 0.064*** (0.011) 0.031*** (0.011) 0.273 

Diff 0.039 0.051***  0.048***  0.032***  0.166 
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Table 2.8. Impacts of short-selling constraint: two-leg approach 

This table reports the portfolio performances of long- and short-only legs of the conditional and 

unconditional portfolio returns out-of-sample over the whole sample, and economic expansion and 

recession periods. The expansion and recession periods are defined by NBER. The first row is the 

performance of the unconditional portfolios. Models 1-5 are conditional portfolios and defined in table II. 

CER (Certainty equivalent return) is derived from expected utility. The CAPM, Fama-French and Carhart 

alpha are reported in column 2, 5, and 8 respectively. The associated standard deviations are in parentheses. 

The Sharpe ratios of portfolio returns of each model are in column 11. The row “Diff” is performance 

difference between each state-dependent portfolio and the state-independent portfolio. *, **, *** indicate 

statistical significance at 10%, 5% and 1%, respectively. 

Model CAPM Alpha Fama-French Alpha Carhart Alpha Sharpe 

ratio 

Panel A Long Leg    

Uncond 0.400*** (0.015) 0.248*** (0.007) 0.231*** (0.008) 0.946 

Model1 0.959*** (0.013) 0.241*** (0.008) 0.228*** (0.008) 0.959 

Diff 0.559***  -0.007***  -0.003***  0.013 

Model2 0.344*** (0.014) 0.209*** (0.007) 0.195*** (0.007) 0.902 

Diff -0.056***  -0.039***  -0.036***  -0.044 

Model3 0.380*** (0.016) 0.252*** (0.011) 0.224*** (0.011) 0.897 

Diff -0.020***  0.004***  -0.007***  -0.049 

Model4 0.339*** (0.016) 0.214*** (0.011) 0.168*** (0.011) 0.857 

Diff -0.061***  -0.034***  -0.063***  -0.086 

Model5 0.709*** (0.061) 0.394*** (0.055) 0.222*** (0.057) 0.670 

Diff 0.309***  0.146***  -0.009***  -0.276 

Panel B Short Leg    

Uncond -0.071*** (0.016) -0.055*** (0.012) -0.089*** (0.013) -0.437 

Model1 -0.074*** (0.015) -0.067*** (0.013) -0.121*** (0.013) -0.441 

Diff -0.003***  -0.012***  -0.032***  -0.004 
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Model2 -0.052*** (0.016) -0.029*** (0.013) -0.079*** (0.013) -0.404 

Diff 0.019***  0.026***  0.010***  0.033 

Model3 -0.063*** (0.019) -0.013*** (0.015) -0.060*** (0.015) -0.401 

Diff 0.008***  0.042***  0.029***  0.036 

Model4 -0.050*** (0.018) -0.048*** (0.015) -0.084*** (0.016) -0.378 

Diff 0.021***  0.003***  0.005***  0.059 

Model5 -0.134** (0.054) 0.051* (0.049) 0.071*** (0.051) -0.353 

Diff -0.063***  0.106***  0.160***  0.084 
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Table 2.9 Impact of short-selling constraint: three-leg approach 

This table reports the portfolio performances of market, long- and short- legs of the unconditional and 

base conditional portfolio returns out-of-sample over the whole sample. The scaled mean and alpha are 

those delivered by portfolio with only 100% investment in each leg. The standard deviations are in 

parentheses. *, **, *** indicate statistical significance at 10%, 5% and 1%, respectively. 

Portfolio Mean Non-scaled 

Carhart Alpha 

Scaled Carhart 

Alpha 

Scaled mean Scale 

Unconditional 0.456 0.197*** 

(0.011) 

- - - 

Market leg 0.120 0.006*** 

(0.002) 

- - - 

Long leg 0.607 0.197*** 

(0.007) 

0.017*** 

(0.002) 

0.199 3.008 

Short leg 0.271 0.006*** 

(0.013) 

-0.043*** 

(0.004) 

0.090 3.008 

Conditional 

(Model5) 

0.698 0.348*** 

(0.040) 

- - - 

Market leg 0.120 0.006*** 

(0.002) 

- - - 

Long leg 1.141 0.188*** 

(0.057) 

0.015*** 

(0.003) 

0.189 5.268 

Cond-Uncond 0.434 -0.009 -0.002 -0.010 - 

Short leg 0.562 -0.154*** 

(0.051) 

-0.047*** 

(0.005) 

0.093 5.268 

Cond-Uncond -0.291 -0.160*** -0.004 0.003 - 
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Table 2.10. Impact of transaction cost on return predictability 

This table reports the portfolio performances of the conditional and unconditional portfolio returns 

out-of-sample over the whole sample, and economic expansion and recession periods after transaction costs 

are controlled. The expansion and recession periods are defined by NBER. The first row is the performance 

of the unconditional portfolios. Models 1-5 are conditional portfolios and defined in table II. CER 

(certainty equivalent return) is derived from expected utility. The CAPM, Fama-French and Carhart alpha 

are reported in column 2, 5, and 8 respectively. The associated standard deviations are in parentheses. The 

Sharpe ratios of portfolio returns of each model are in column 11. The row “Diff” is performance 

difference between each state-dependent portfolio and the state-independent portfolio. *, **, *** indicate 

statistical significance at 10%, 5% and 1%, respectively. 

 CER CAPM Fama-French Carhart Sharpe 

Ratio 

Panel A. whole period     

Uncond -0.014 0.255*** (0.015) 0.120*** (0.011) 0.069*** (0.011) 0.890 

Model1 0.053 0.259*** (0.014) 0.143*** (0.012) 0.079*** (0.012) 0.931 

Diff 0.067 0.004***  0.023***  0.010***  0.041 

Model2 -0.045 0.282*** (0.016) 0.143*** (0.013) 0.079*** (0.013) 0.858 

Diff -0.031 0.027***  0.023***  0.010***  -0.032 

Model3 -0.286 0.275*** (0.017) 0.188*** (0.016) 0.120*** (0.016) 0.822 

Diff -0.272 0.020***  0.068***  0.051***  -0.068 

Model4 -0.535 0.277*** (0.018) 0.131*** (0.015) 0.061*** (0.015) 0.803 

Diff 0.521 0.022***  0.011***  -0.008***  -0.087 

Model5 -1.000 0.416*** (0.037) 0.298*** (0.037) 0.149*** (0.038) 0.551 

Diff -0.984 0.161***  0.178***  0.080***  -0.339 

Panel B Expansion    

Uncond 0.039 0.308*** (0.016) 0.137*** (0.012) 0.071*** (0.012) 1.096 

Model1 0.096 0.283*** (0.015) 0.148*** (0.013) 0.079** (0.013) 1.073 

Diff 0.057 0.025***  0.011***  0.008***  -0.026 
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Model2 0.052 0.334*** (0.017) 0.169*** (0.015) 0.101*** (0.015) 1.070 

Diff 0.017 0.026***  0.032***  0.030***  -0.026 

Model3 -0.233 0.354*** (0.018) 0.220*** (0.017) 0.109*** (0.017) 1.085 

Diff -0.272 0.046***  0.083***  0.038***  -0.011 

Model4 -0.539 0.367*** (0.018) 0.209*** (0.016) 0.123*** (0.016) 1.141 

Diff -0.578 0.059***  0.072***  0.052***  0.045 

Model5 -1.000 0.408*** (0.034) 0.298*** (0.034) 0.104*** (0.034) 0.633 

Diff -0.961 0.100***  0.161***  0.033***  -0.433 

Panel C Recession    

Uncond -0.254 0.034 (0.038) -0.026 (0.026) -0.071** (0.027) 0.046 

Model1 -0.140 0.204*** (0.041) 0.111*** (0.031) 0.028 (0.031) 0.450 

Diff 0.114 0.170***  0.137***  0.099***  0.404 

Model2 -0.466 0.052 (0.047) -0.038 (0.036) -0.115*** (0.036) 0.091 

Diff -0.212 0.018**  -0.012**  -0.034***  0.045 

Model3 -0.531 -0.069 (0.046) -0.120** (0.047) -0.177*** (0.048) -0.223 

Diff -0.277 -0.103***  -0.094***  -0.106***  -0.269 

Model4 -0.519 -0.058 (0.056) -0.242*** (0.042) -0.324*** (0.043) -0.187 

Diff -0.265 -0.092***  -0.218***  -0.253***  -0.233 

Model5 -1.000 0.589*** (0.145) 0.233*** (0.139) 0.069*** (0.144) 0.440 

Diff -1.000 0.555***  0.259***  0.140***  0.394 
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Table 2.11. Investment strategies to take advantage of predictability 

This table reports the performances of portfolios selected by investing different fraction of capital in 

risk-free asset, value-weighted market portfolio and base conditional portfolio (Model 5 in table 2.1).  The 

first three columns show the fractions of money in risk-free asset, market and the conditional portfolios.   . 

The Carhart alpha and Sharpe ratio are reported in column 4 and 5 respectively. The associated standard 

deviations are in parentheses. Certainty equivalent return (column6) is derived from expected utility. *, **, 

*** indicate statistical significance at 10%, 5% and 1%, respectively. 

Portfolio Composition Carhart Alpha Sharpe 

Ratio  

Certainty 

Equivalent  
Riskless 

Asset 

Market 

Portfolio 

Conditional 

Portfolio  

0.25 0.25 0.50 0.333***(0.021) 0.812 -0.609 

0.10 0.40 0.50 0.276***(0.017) 0.821 -0.033 

0.20 0.40 0.40 0.282***(0.017) 0.836 -0.027 

1/3 1/3 1/3 0.235***(0.014) 0.836 0.075 

0.30 0.40 0.30 0.219***(0.013) 0.847 0.105 

0.20 0.50 0.30 0.227***(0.002) 0.856 0.107 

0.25 0.5 0.25 0.195***(0.011) 0.860 0.128 

0.10 0.65 0.25 0.206***(0.012) 0.861 0.126 

0.30 0.5 0.20 0.163***(0.010) 0.861 0.135 

0.40 0.40 0.20 0.156***(0.009) 0.859 0.134 

0.15 0.65 0.20 0.175***(0.010) 0.854 0.133 

0.20 0.65 0.15 0.143***(0.008) 0.830 0.127 

0.40 0.50 0.10 0.100(0.006) 0.811 0.117 

0.25 0.65 0.10 0.112(0.007) 0.769 0.114 
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